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A B S T R A C T

This thesis considers Neuro-prosthetic systems using Functional Electrical Stimulation (FES) to restore
or support motor functions in neurologically impaired patients. An often encountered difficulty
is the precise control of limb motion by adjusting the stimulation intensity. The musculoskeletal
systems involving muscle mechanics, limb motion dynamics, and muscle recruitment due to FES
and possibly volitional activity are highly complex and non-linear. Hence, the stimulation effect is
hard to model and predict. An intensive effort during a calibration phase would be required to adapt
models describing such systems to the full extent, which is unfeasible in clinical environments or
at home. Further, many parameters vary under the rapid progression of muscle fatigue with FES.
Hence, most practically relevant devices focus on simple open-loop strategies that trigger pre-defined
stimulation patterns on different events caused by the user. This thesis presents new methods to
improve the applicability and movement precision of closed-loop FES systems and applies them
to practically relevant applications to support or to restore functional arm reaching movements in
entirely or partially paralyzed patients.

The compensation of muscle fatigue and the linearization of the highly non-linear process of muscle
recruitment is addressed in this thesis. Electromyography (EMG)-measurements can give insight into
the muscular recruitment process. Therefore, a feedback of the stimulation-evoked EMG (eEMG)
enforcing the desired recruitment level is presented. Because of this enforcement, a more predictable
behavior is obtained such that muscles are much easier to model and control using this method as an
underlying feedback loop. The positive effects on the predictability are shown in a study involving
five healthy subjects. Further, the applicability of this approach was successfully tested in two stroke
patients.

In partially paralyzed patients it is often beneficial to take account the residual volitional activity
to, e.g., realize a user-control of the neuroprosthesis. Devices exist that control FES based on a
measurement the volitional EMG (vEMG). The low signal to noise ratio, however, typically leads to
many restrictions in control performance. Hence, a different approach based on angular measurements
is presented: An arm weight relief is realized by a FES-activation proportional to the elevation angle.
This FES-activation reduces the required volitional effort significantly as demonstrated in five healthy
subjects. In two acute stroke patients, arm function could be partially and fully restored, respectively,
as long as the controller was active.

For patients who have a complete paralysis of the upper extremity, the functional restoration of
movements is difficult due to the numerous degrees of freedom (DoF). Hence, a system using a
combination of a passive, light-weight exoskeleton with FES is proposed, wherein each DoF can be
locked by brakes to reduce muscle fatigue during holding-postures and to guide movements. FES is
feedback controlled, and the movement precision was evaluated in five healthy subjects showing a
sufficient performance for performing simple reaching tasks.

Further considered aspects include the improvement of motor precision by artificially introducing
co-activations in antagonistic muscle pairs and the potential reduction of muscle fatigue by varying
the stimulation frequency as desired for the contrary objectives "motor precision" and "muscle fatigue."
For the former aspect, a non-linear system inversion based approach is developed to realize desired
joint torques and co-activation levels and, further, applied to joint angle control yielding good results
in a healthy subject. For the latter, a time-discretization method for linear time-invariant systems is
presented that also considers variable sampling rates. Further, a system linearization approach is
suggested allowing to apply standard discrete-time controllers for variable sampling rate systems.
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K U R Z FA S S U N G

Diese Dissertation beschäftigt sich mit der Erforschung von Algorithmen zur Regelung von Neu-
roprothesen, die Funktionelle Elektrostimulation (FES) verwenden, um motorische Funktionen in
neurologisch beeinträchtigten Patienten wiederherzustellen oder zu unterstützen. Die Generierung von
feinmotorischen Bewegungen mittels einer Regelung der Stimulationsintensität ist oftmals schwierig.
Da die involvierten biomechanischen Systeme sehr komplex und nichtlinear sind, ist der Effekt
der Stimulation nur schwierig durch Modelle beschreibbar. Es wäre ein sehr hoher Zeitaufwand
notwendig, um die Parameter eines solchen Modells für die jeweiligen Patienten anzupassen. Mit
der schnell fortschreitenden Muskelermüdung bei Anwendung von FES ändern sich diese Parameter
typischerweise im Laufe der Zeit so stark, dass nach kurzer Zeit eine neue Anpassung vorgenommen
werden muss. Die meisten praktisch relevanten Ansätze konzentrieren sich deshalb auf einfache aber
robuste Steuerstrategien ohne die Rückführung von Messgrößen und die Verwendung von komplexen
Modellen. Hierbei werden oftmals fest einprogrammierte Stimulationsverläufe verwendet, die durch
den Benutzter initiiert werden.

Ein wichtiger Teil der Dissertation beschreibt eine neue Methode, mit der sich der Bedarf eines
komplexen Modells bei der FES-Regelung zum großen Teil erübrigt. Eine Reduzierung der Komplex-
ität wird hierbei durch eine unterlagerte Regelung der Muskelrekrutierung erreicht, welche durch
eine Messung des FES-evozierten Elektromyogramms (EMG) bestimmt wird. Damit verbessert sich
die Anwendbarkeit und die Feinmotorik mittels geregelter FES. In einer Studie mit fünf gesunden
Probanden wurde gezeigt, dass dadurch z.B. der Einfluss muskulärer Ermüdung kompensiert wird
und das nichtlineare muskuläre Ansprechverhalten teilweise linear wird. Dieser neue Ansatz der
Rekrutierungsregelung wurde in praktisch relevanten Systemen zur Unterstützung/Wiederherstellung
von Armbewegungen bei teilweise/komplett Gelähmten im Rahmen meiner Dissertation angewandt.

Bei teilweise gelähmten Patienten ist es sinnvoll, die noch vorhandene Restaktivität des Patienten zur
Steuerung der Neuroprothese zu verwenden. Hierzu gibt es bereits Geräte, die die FES anhand einer
Willkür-EMG-Messung steuern. Allerdings beschränkt das schwache Signal zu Rauschverhältnis des
Willkür-EMG die erzielbare Feinmotorik der Bewegungen. In der Dissertation wurde deshalb ein
anderer Ansatz zur Unterstützung der Armhebung vorgestellt, welcher mittels einer Messung des
Gelenkwinkels die Willküraktivität indirekt einbezieht. Hierbei wird eine Armgewichtsunterstützung
durch Generierung einer mit dem Winkel proportional ansteigenden Muskelrekrutierung erzielt. Bei
fünf gesunden Probanden konnte gezeigt werden, dass dies die willkürliche Armhebungen erleichtert.
Bei zwei Schlaganfallpatienten konnte der Bewegungsumfang im einen Fall teilweise und im anderen
Fall vollständig wiederhergestellt werden.

Bei Patienten mit einer kompletten Lähmung der oberen Extremität ist die Wiederherstellung von
Armfunktionen mittels FES durch die hohe Anzahl an Freiheitsgraden in der Bewegung sehr schwierig.
Um dieses Problem zu lösen, wird eine Kombination aus geregelter FES mit einem leichten passiven
Exoskelett zur Führung der Bewegungen und zur partiellen Gewichtsentlastung vorgeschlagen. Die
einzelnen Freiheitsgrade können dafür mit Bremsen blockiert werden, was auch stabile Armhaltungen
bei abgeschalteter FES ermöglicht. Die Positioniergenauigkeit der Hand mit dem System wurde bei
fünf Probanden untersucht und ist ausreichend genug, um funktionelle Bewegungen des täglichen
Lebens durchzuführen.

Eine weitere Untersuchung der Dissertation beinhaltet die Verbesserung der Feinmotorik durch eine
künstliche Koaktivierung in antagonistischen Muskelpaaren. Hierzu wird ein Regelungsansatz
vorgestellt, der gewünschte Momente und Koaktivierung einstellt. Dieser wurde in einer Ge-
lenkwinkelregelung an einem gesunden Probanden erfolgreich erprobt.
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1
I N T R O D U C T I O N

Neuroprosthetic systems are technical devices that electrically connect to the nervous system
to obtain and influence sensory information or to induce motor functions. For the latter case,
Functional Electrical Stimulation (FES) is a commonly used method that applies electrical pulses
to the motor-nerves to trigger action potentials that generate muscle contractions. The application
of the electricity is typically performed via surface electrodes but also implanted electrodes may
be used [154].

For many neurological impairments, e.g., caused by stroke or Spinal Cord Injury (SCI), the
restoration of motor functions by FES is feasible. To obtain or support functional movements, the
stimulation intensity must herein be carefully adjusted by control algorithms. The restoration of
precise motor functions, however, is difficult to achieve as the musculoskeletal system is of high
complexity and uncertainty: The stimulation effect is commonly difficult to model and predict
due to the highly non-linear, uncertain, and time-varying behavior of the muscle and, hence, is
difficult to control. There is a strong variance of the muscle’s response to FES depending on
the positioning of electrodes and across different subjects [114, 112]. Compared to the lower
extremities, motor functions are complex in case of the upper extremities due to the higher
number of Degrees of Freedom (DoF) and the number of involved muscles.

Successful applications of FES, e.g., include cycling in SCI patients, the generation of wrist and
finger extension movements in stroke patients and the support of foot elevation movements in
patients suffering from the drop-foot syndrome. Further, Functional Electrical Therapy (FET)
[141] is used in the rehabilitation of stroke patients to train reaching and grasping functions.
For these purposes, several commercial, multi-purpose stimulation devices are available on the
market, whereby products targeting clinical environments can often be programmed by clinicians
to fulfill specific rehabilitation tasks. These systems focus on reliable, commonly simple open-loop
strategies often using pre-defined stimulation patterns that are triggered by the user, for example,
utilizing switches. In the more elaborate case, the residual volitional activity is detected by
evaluating Electromyography (EMG)-measurements (cf. Sec. 2.5) from the stimulated or another
muscle and then utilized for user-control, for example, StiWell, MED-EL Medical Electronics,
Innsbruck, Austria. All these devices typically require a precise tuning of stimulation intensity
and timing parameters.

As the main advantage of the open-loop approach, a reliable operation and a fast donning
procedure feasible to daily-use are achieved. However, due to the open-loop nature, changes in
muscle conditions, e.g., the fast progression of muscle fatigue under FES, cannot be automatically
detected and compensated. This fact commonly leads to an increased effort of required manual
intervention as the complexity of the task to perform increases. Further, the potential regarding
motor precision and complexity is limited.

To overcome the limits of the open-loop control approaches as typically found in clinically
relevant solutions, feedback control may be used that is expected to have a high potential. Such
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approaches often incorporate a feedback of the generated movement for compensating deviations
from desired movement paths by performing a real-time adjustment of the intensity of FES.
Because of the rapid progression in the development of small-sized Inertial Measurement Units
(IMUs), it became feasible to measure limb motion in real-time with small effort (e.g., [127]). This
measurement renders the implementation of motion controllers feasible concerning the effort
spent for attaching devices to the human body.

Closed-loop FES control is still difficult to realize, however. The variety of encountered difficulties
includes, among others, the complexity of the musculoskeletal system, which makes the effects
of FES, e.g., in terms of joint angles, difficult to model and predict. Herein, a huge problem is
the reliable prediction of the muscle force that depends on many factors, e.g., the number and
frequency of recruited motor units, fiber length, and contraction speed.

The field of control engineering provides answers in form of sophisticated control approaches
to the treatment of the mentioned difficulties of complexity, fatigue, uncertainty, and variance.
Nonlinear feedback control with elaborate system identification algorithms and adaptive control
approaches to adapt the control system to the individual patient, electrode placement, and muscle
condition could be used, however. These approaches rely on detailed mathematical models of the
complex musculoskeletal system [148].

Adapting such models to the individual subject and muscle condition typically introduces a
high effort in the application of the neuroprosthesis due to long-lasting calibration procedures
that must be applied to the patient each time the electrodes are attached. Once calibrated, they
may become unreliable under the fast progression of muscle fatigue caused by FES. This fact
renders such approaches unfeasible for usage in clinical applications. Further, as the complexity
of feedback-controlled FES increases it becomes harder to keep the susceptibility to errors
within reasonable limits, as many special conditions (e.g., the patient’s interaction with the
device suddenly changing) need to be considered. Finally, the huge amount of uncertainty in
the musculoskeletal system that cannot be captured in models renders most elaborate control
approaches infeasible to apply. In practice, this significantly hinders the development of feedback-
controlled neuro-prosthetic systems that can involve many degrees of freedom actuated by more
than one muscle to restore precise motor functions [114, 112]. In general, feedback-controlled FES
– even for the lower limbs – remains a technology that has been investigated in laboratories for
over four decades up to now without any significant breakthrough leading to commercial devices.

• A first approach to consider uncertainty is the application of robust control schemes. They
are designed to tolerate deviations in the assumed model parameters or even in the model
structure. The main cost of the robustness is, however, often paid by a lower control
performance (e.g., achieved movement speed) see [155, 129].

For the restoration of simple motor tasks, the situation is more relaxed. For example, for
the foot elevation [115], feedback control seems clinically feasible. Often, there is still room
for improvement concerning the automatic tuning to the individual and the adaptation to
muscle fatigue, though.

• As a second approach, if the intended purpose of the specific neuroprosthesis allows, it is
often helpful to reduce the complexity of the motion that shall be realized. This reduction
may be achieved by an external mechanical device (e.g., an exoskeleton) that performs a
guidance of movements by reducing the degrees of freedom (e.g., [147]). Such an approach
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will be considered in this work: For the restoration of reaching functions in completely
paralyzed patients, e.g., after a high-level spinal cord injury, the combination of FES with
a passive, lightweight exoskeleton to guide movements has been evaluated. The main
drawback is, however, a potentially reduced mobility of the resulting support system.

• This thesis presents a third approach to treat the high amount of uncertainty without relying
on mechanical devices or robust control. Joint angle feedback in form of traditional (non-
linear) control alone is often not sufficient to obtain a satisfying control performance. To deal
with the uncertainty, an approach is presented that introduces additional measurements
of the internal state of the muscle. Therefore, a feedback of the stimulation-evoked EMG
(eEMG) is proposed to estimate and control the level of muscle recruitment. This approach
lowers the influence of a large class of uncertainty and further compensates for the effects
of muscle fatigue. Neuroprosthetic applications that are based on this approach, therefore,
have lower requirements on complex models and, hence, the calibration effort can be
reduced.

As one application that relies on the eEMG feedback approach, a neuroprosthesis for stroke
patients suffering from a paresis in the arm elevation is presented. Herein, the compensation
for the effects of muscle fatigue is not possible by solely measuring joint angles. This neuro-
prosthesis restores precise, user-controlled movements by amplifying residual volitional activity.
To further improve FES, joint angle control with co-activations to increase motor precision in
antagonistic muscle pairs and the variation of the stimulation frequency to reduce muscle fatigue
are considered.

1.1 Contributions to the State of the Art

Thesis contributions to the state of the art are:

1. A method to estimate the muscular recruitment level using the FES-evoked EMG and a
control scheme to control the recruitment level (Chapter 3),

2. A control strategy to amplify weak volitional activity by FES yielding the effect of a weight
compensation (Chapter 4),

3. An assistive neuroprosthetic system combining a passive light-weight exoskeleton and FES
to artificially restore upper-arm function in patients with complete paralysis in the arm
(Chapter 5),

4. A control strategy for joint angle control in antagonistic muscle pairs based on a non-linear
exact inversion controller that generates co-activations when the direction of movement
changes (Chapter 6), and

5. A variable sampling rate stimulation to reduce muscular fatigue (Chapter 7). Herein, an
analytical method for the time-discretization of irregularly sampled and actuated linear
time-continuous systems is derived.

Additionally, a potential extension to the control system described in Chapter 4 is presented in
the appendix of this thesis:

3



6. A dynamic model to describe the joint angle for volitionally and FES activated (hybrid)
muscles. (Appendix A).

Future work is, however, required to adapt and integrate the proposed model into the methods
presented in this thesis.

1.2 Related Publications by the Author

The following publications, in which I was involved, are related to the work presented in this
thesis.

Recruitment control, arm weight support & hybrid muscle activation

• [85] C. Klauer, J. Raisch, and T. Schauer. “Linearisation of electrically stimulated muscles
by feedback control of the muscular recruitment measured by evoked EMG”. in: Proc.
of the 17th International Conference on Methods and Models in Automation and Robotics 2012.
Międzyzdroje, Poland: IEEE, 2012, pp. 108–113. isbn: 978-1-4673-2124-2. doi: 10.1109/
MMAR.2012.6347902.

• [84] C. Klauer, J. Raisch, and T. Schauer. “Feedback Control of the Electrical Stimulation
Induced Muscular Recruitment Determined by the Evoked Electromyogram”. In: Biomedical
Engineering / Biomedizinische Technik 57.Suppl. 1, Track-F (2012), pp. 639–639. issn: 1862-278X.
doi: 10.1515/bmt-2012-4417.

• [83] C. Klauer, J. Raisch, and T. Schauer. “Advanced Control Strategies for Neuro-Prosthetic
Systems”. In: Proc. of the 4th European Conference on Technically Assisted Rehabilitation - TAR
2013. Berlin, Germany, 2013.

• [82] C. Klauer, A. Passon, J. Raisch, and T. Schauer. “Virtual Weight-Compensating Ex-
oskeleton using λ-Controlled FES”. in: Proc. of Automed 2013. Dresden, Germany, 2013.

• [81] C. Klauer, M. Irmer, and T. Schauer. “A muscle model for hybrid muscle activation”.
In: Current Directions in Biomedical Engineering 1.1 (2015), pp. 386–389. issn: 2364-5504. doi:
10.1515/cdbme-2015-0094.

• [8] E. Ambrosini, T. Schauer, C. Klauer, A. Pedrocchi, G. Ferrigno, and S. Ferrante. “Con-
trol system for neuro-prostheses integrating induced and volitional effort”. In: IFAC-
PapersOnLine. 9th IFAC Symposium on Biological and Medical Systems BMS 2015, Berlin,
Germany, 31 August-2 September 2015 48.20 (2015), pp. 327–332. issn: 2405-8963. doi:
10.1016/j.ifacol.2015.10.160.

• [80] C. Klauer, S. Ferrante, E. Ambrosini, U. Shiri, F. Dähne, I. Schmehl, A. Pedrocchi, and
T. Schauer. “A patient-controlled functional electrical stimulation system for arm weight
relief”. In: Medical Engineering & Physics 38.11 (2016), pp. 1232–1243. doi: 10.1016/j.
medengphy.2016.06.006.

• [93] C. Klauer and Schauer T. “Two-Channel Muscle Recruitment (λ)-Control using the
Evoked-EMG”. in: Proc. of the 20th Annual International FES Society Conference 2016. La
Grande Motte, France, 2016.
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• [88] C. Klauer and T. Schauer. “Adaptive Control of a Neuroprosthesis for Stroke Patients
Amplifying Weak Residual Shoulder-Muscle Activity”. In: Proc. of the 20th World Congress of
the International Federation of Automatic Control, 9-14 July 2017. Toulouse, France, 2017.

• [125] P. Meyer-Rachner, A. Passon, C. Klauer, and T. Schauer. “Compensating the effects of
FES-Induced Muscle Fatigue by Rehabilitation Robotics During Arm Weight Support”. In:
Current Directions in Biomedical Engineering, Proc. of the 6th European Conference on Technically
Assisted Rehabilitation – TAR 2017. Berlin, Germany, 2017. doi: 10.1515/cdbme-2017-0007.

• [87] C. Klauer, M. Ruppel, and T. Schauer. “FES-based arm weight relief: First investigations
in stroke patients”. In: Abstract in Proc. of the 6th European Conference on Technically Assisted
Rehabilitation – TAR 2017. Berlin, Germany, 2017.

Control under complete paralysis

• [90] C. Klauer, T. Schauer, J. Karner, W. Reichenfelser, E. Ambrosisni, S. Ferrante, and
J. Raisch. “Design of feedback control strategies for an arm neuroprothesis combined with
an exoskeleton”. In: Converging Clinical and Engineering Reseach on Neurorehabilitation - Part
II, ICNR 2012. Springer, 2012, pp. 1189–1193. isbn: 978-3-642-34545-6.

• [135] A. Pedrocchi, S. Ferrante, E. Ambrosini, M. Gandolla, C. Casellato, T Schauer, C. Klauer,
J. Pascual, C. Vidaurre, M. Gfoehler, et al. “MUNDUS project: MUltimodal Neuroprosthesis
for daily Upper limb Support”. In: Journal of neuroengineering and rehabilitation 10.66 (2013),
pp. 1–20. doi: 10.1186/1743-0003-10-66.

• [92] C. Klauer, T. Schauer, W. Reichenfelser, J. Karner, S. Zwicker, M. Gandolla, E. Ambrosini,
S. Ferrante, M. Hack, A Jedlitschenka, A. Duschau-Wicke, M. Gföhler, and A. Pedrocchi.
“Feedback Control of arm movements using Neuro-Muscular Electrical Stimulation (NMES)
combined with a lockable, passive exoskeleton for gravity compensation”. In: Frontiers in
Neuroscience 8.262 (2014). doi: 10.3389/fnins.2014.00262.

Modelling, identification & control of antagonistic muscle pairs

• [174] P. Spagnol, C. Klauer, F. Previdi, J. Raisch, and T. Schauer. “Modeling and Online-
Identification of Electrically Stimulated Antagonistic Muscles for Horizontal Shoulder
Abduction and Adduction”. In: Proc. of the European Control Conference 2013. Zürich,
Switzerland: IEEE, 2013, pp. 3979–3984. isbn: 978-3-033-03962-9.

• [86] C. Klauer, J. Raisch, and T. Schauer. “Nonlinear Joint-Angle Feedback Control of
Electrically Stimulated and Lambda-Controlled Antagonistic Muscle Pairs”. In: Proc. of
the European Control Conference 2013. Zürich, Switzerland: IEEE, 2013, pp. 3101–3107. isbn:
978-3-033-03962-9.

• [184] C. Vidaurre, C. Klauer, T. Schauer, A. Ramos-Murguialday, and K.R. Müller. “EEG-
based BCI for the Linear Control of an Upper-Limb Neuroprosthesis”. In: Medical Engineer-
ing & Physics 38.11 (2016), pp. 1195–1204. doi: 10.1016/j.medengphy.2016.06.010.

• [153] M. Ruppel, C. Klauer, and T. Schauer. “Towards a High Motor-Precision Neuropros-
thesis by Recruitment-Controlled Antagonistic Muscle Co-activation Strategies”. In: Abstract
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in Proc. of the 6th European Conference on Technically Assisted Rehabilitation – TAR 2017. Berlin,
Germany, 2017.

• [152] M. Ruppel, C. Klauer, and T. Schauer. “Enhancing the smoothness of joint motion
induced by functional electrical stimulation using co-activation strategies”. In: Current
Directions in Biomedical Engineering 3.2 (2017), pp. 155–159. issn: 2364-5504. doi: 10.1515/
cdbme-2017-0033.

Variable stimulation rates

• [89] C. Klauer and T. Schauer. “Discretisation & Control of Irregularly Actuated and
Sampled LTI-Systems”. In: Proc. of the 19th International Conference on Methods and Models in
Automation and Robotics, IEEE. Międzyzdroje, Poland, 2014. isbn: 978-1-4799-5081-2. doi:
10.1109/MMAR.2014.6957394.

1.3 Theses Supervised by the Author

• Master Thesis: Upper-Limb Neuroprosthesis for Weight-Support via Feedback-Controlled
Multichannel Functional Electrical Stimulation, Dirk Reinhardt, 2016

• Master Thesis: Untersuchung des Informationsgehalts der beim elektrisch stimulierten
Muskel hervorgerufenen EMG-Antwort, Christian Jaenicke, 2015

• Bachelor Thesis: Modelling, Identification and Control of the Hysteresis occurring in the
Recruitment Function of Electrically Stimulated Muscles, Erick Ersada, 2013

• Master Thesis: A Hybrid Model for Joint Angle Prediction of Electrically and Voluntarily
Activated Muscles Using EMG-Measurements, Maximilian Irmer, 2012

• Master Thesis: Weight Compensation for the Upper Limb by Evoked EMG-Controlled
Electrical Stimulation, Arne Passon, 2012

• Bachelor Thesis: Modellbildung der Beziehung zwischen Stimulationsstärke und eEMG-
Signal elektrisch stimulierter Muskeln, Steffen Schäperkötter, 2011

• Master Thesis: Comparison of Decoupling Strategies for Use in Multivariable Motion
Control Systems applied to the Human Limb, Yeqin Gong, 2011

1.4 Outline of the Thesis

This thesis presents a variety of methods and applications contributing to the control of FES-based
neuroprostheses for upper-limb function support and restoration. Presented are fundamental
theoretical methods, approaches to reduce difficulties in the control of FES-activated muscles and
complete neuroprosthetic systems ready to be applied to patients. In this section, an overview is
given on how the individual parts are related.

Recruitment control To enable an automatic adaptation of the FES system and a reliable operation,
an approach that uses a feedback of the stimulation effect at muscular level is presented in
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Chapter 3. The amount of artificially recruited motor units by the FES is assessed by analyzing the
evoked electromyogram. Exploiting this information enables the control of the muscle activation
and, thereby, compensates, e.g., for the effects of muscle fatigue. As a major achievement, the
approach enforces a simple linear relationship between the commanded activation level and the
muscular stimulation effect. The resulting feedback-controlled muscle behavior is then much
easier to model and control and simplifies the design of on-top movement or posture controllers.
The effectiveness of this method is shown for the upper limbs in a pilot study involving five
healthy subjects and two stroke patients. The approach has been incorporated into the control
systems presented in Chapter 4 and 6.

Amplification of residual volitional activity To effectively support arm elevation movements in
partially paralyzed patients, it is desirable to incorporate the potentially weak residual volitional
activity into the control of FES. By performing an amplification of the residual muscle activity
using FES, a completely patient-driven control of movements is possible. This is important in
the rehabilitation of stroke patients, as it has been shown that the synchronous application of
FES to the patient induced movements enhances the process of motor re-learning [17, 167, 52].
Further, such systems could be applied to support stroke and SCI patients in daily-live activities
by extending the achievable range of motion. In the past, several approaches on volitional control
(as compared in Sec. 2.8.1) were presented. Many rely on electromyography measurements to
detect the volitional muscle activity which is then used to control FES. As it is difficult to obtain
EMG during active stimulation, only imprecise control is possible leading to jerky movements.
An improved concept to support the shoulder elevation is therefore presented in Chapter 4.
Herein, based on the measured elevation angle, a FES-induced muscle recruitment is generated
that yields a pre-specified percentage (support factor) of this angle – yielding an arm weight
relief. The developed system has no limitations on the type of supported motor tasks as the entire
movement is entirely controlled by the patient, and it has similar effects as realized by external
mechanical devices (e.g., spring-based mechanisms) for arm weight support. The control system
internally uses the developed recruitment control method to enable long-term operation without
the need of a re-calibration.

In tests involving five healthy subjects, a significant reduction of the required volitional activity
was achieved, while a precise positioning of the arm elevation by the user was possible. Further,
in a stroke patient with an almost complete paralysis in the shoulder elevation, the maximal
arm-elevation level could be significantly increased. In a second patient who had a milder paresis,
however, still hindering functional movements, arm functions could be fully restored while
applying the system.

As the already tested control system requires the manual tuning of the support level, an adaptive
control strategy, that automatically adjusts the support factor, was developed. Herein, the
volitional EMG is used during repetitive trials to realize the optimal amount of FES support
such that the full range of the volitional activity is available to control the neuroprosthesis. This
automatic tuning was tested in two experiments on one healthy subject.

The presented system is suitable for patients if at least weak residual volitional muscle activity is
present (e.g., stroke, incomplete SCI or traumatic brain injury).
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Combining FES and volitionally evoked muscle activations In the presented weight compensation
controller, the muscle is activated volitionally and by FES at the same time (hybrid muscle
activation). In the design of the control system, a static linear model is used, although the actual
behavior is non-linear and dynamic. To further improve the controller performance, a model
based on an Artificial Neural Network (ANN) is proposed in Appendix A to describe hybrid
muscle activations in terms of the joint angle.1 Tunable parameters are adapted to the individual
subject by a system identification approach using previously recorded I/O data. The model
has been validated in two healthy subjects yielding RMS values well sufficient for the desired
application. It is strongly expected that the use of such a model can further improve the interplay
between residual volitional activity and FES support.

Assistive system for SCI-patients with a complete paralysis In the case of SCI patients with complete
paralysis, the restoration of reaching function using FES is difficult due to the high number of
degrees of freedom in the upper extremity.

In Chapter 5, a feedback-controlled system to restore arbitrary arm movements using a combi-
nation of FES and a passive, gravity compensating, exoskeleton is presented. The developed
system allows to automatically move the patient’s hand to an arbitrary position given in 3D
coordinates. Using the light-weight exoskeleton, all degrees of freedom can be locked by brakes,
enabling the patient to maintain postures without the need of active FES. Further, a spring-based
mechanism is used to effectively reduce the arm weight. This weight reduction significantly
reduces FES-induced muscle fatigue and hence enlarges the applicability of the proposed system.
To confirm this statement, a study involving five healthy subjects was performed.

Co-activation strategies In the natural generation of movements, motor precision is achieved by
a simultaneous contraction of multiple contrary acting muscles. This phenomenon leads to an
increase of the mechanical stiffness in the joints and, therefore, enhances motor precision and
stability of postures.

Co-activation, allowing the modulation of the mechanical impedances, can also be artificially
induced using FES and a great potential to improve FES-induced motion is expected [26]. Indeed,
more than twenty years ago it was demonstrated, that the involvement of co-contractions can
significantly increase the performance of control systems using FES for actuation [36].

As muscle fatigue progresses, the level of co-activation is likely to gradually decrease in time
for the same stimulation levels. Further, most commonly, the individual contribution of each
involved muscle cannot be estimated as only measurements of the summation of all individual
muscle contraction effects are typically available. Therefore, a reliable generation of a desired
level of co-activation is difficult to realize by FES. Further, a periodically repeated re-calibration of
the control system is then required to adapt the generation of co-activation to the current muscle
fatigue state.

However, the recruitment control method introduced in Chapter 3, now allows overcoming the
present difficulties in co-activation control. Therefore, a joint angle control approach using exact

1The developed model is listed in the appendix of this thesis as it – in its current state – cannot be directly used in
combination with the methods, e.g., recruitment control proposed in this thesis. The required adjustments are minor,
though, and consider the model’s input variables (a change from the stimulation intensity to the estimated muscle
recruitment must be performed).
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linearization is presented in Chapter 6 that introduces co-activations as a result of the exact
inversion of the model equations. The co-activation strength can be externally adjusted so that in
situations with a high demand on motor precision the joint stiffness can be temporarily increased.

Variable stimulation frequencies Compared to voluntary activation, FES activated muscles are
subjected to a fast progression of muscle fatigue Sec. 2.2. This fact can severely hinder functional
tasks in the long term. For achieving the same resulting muscular force, a higher stimulation
frequency (and smaller intensity) leads to a faster proceeding of muscular fatigue, compared
to a lower stimulation frequency (and higher intensity) [78]. However, more frequently applied
pulses typically enable a better performance in time-discrete control systems. Therefore, typically
a compromise between the progressing of muscular fatigue and control performance is chosen.
Herein, fixed frequencies ranging from 20 to 60 Hz are used, whereby the stimulation intensity
remains the only actuation variable. For temporarily increasing the control performance, an
obvious approach could be to increase the actuation rate for periods during which it is beneficial
(e.g., during fast movements), while for periods of low activity (e.g., holding a position) the
actuation rate may be lowered. However, the effect of continuously adjusting the actuation times
must be included in the discretized model. Therefore, in Chapter 7, a general framework for
discretizing LTI systems with variable times for sampling and additionally actuation is presented,
and a general linearizing controller for the obtained discrete-time models is proposed that
compensates the effects introduced by the irregular time intervals.
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2
F U N D A M E N TA L S & S TAT E O F T H E A RT

This chapter introduces the reader to the fundamentals relevant to the neuro-prosthetic systems
developed in this thesis. This includes the basics of muscle fiber activation, Functional Electrical
Stimulation (FES), and Electromyography (EMG). Further, the commonly used approach to model
the behavior of FES-activated muscles is presented.

In the second part of this chapter, the state of the art in controlled FES is reviewed, whereby the
focus lies on the upper extremity. This part is separated into the restoration of reaching functions
and, second, model-based control of FES.

2.1 Background

Spinal Cord Injury (SCI) and stroke are significant causes of neurological impairments often
leading to reduced motor capabilities. Per year, more than one million people in Europe suffer
from a stroke according to the World Health Organization (WHO) [181]. This number is expected
to even rise in the future due to demographic changes and the increase of life expectancy leading
to an increased demand in rehabilitation-techniques and assistive devices for use at home.

A SCI causes, depending on the level of the lesion, a loss of motor and sensory functions, and
results in the immobilization of the patient [24]. Cervical (neck) injuries usually result in a full or
partial tetraplegia (paralysis of the arms, legs, and trunk). Individuals with a complete lesion
at the C7 level or above usually depend on attendant care for all daily-live activities. In some
cases, the paralysis is incomplete so that residual volitional activity might be partially present.
SCI at the high C3 and C4 level result in a significant loss of function at elbow and shoulder level.
Deltoid and the biceps muscles are innervated from the C5 and C6 level of the spinal cord. These
muscles may be also denervated (lower motor neuron lesion), especially in case of C4 tetraplegia.
However, the extent of denervation is likely to vary across individuals.

Stroke patients often suffer from a reduced volitional muscle activity that may hinder functional
movements, whereby compared to SCI patients, the impairment is typically only present in one
side of the body (hemiplegia) [62]. In this case, it is often possible to regain motor functions
for the impaired extremities because of the plasticity of the central nervous system. This can be
achieved by an intensive repetitive training of individual motor functions in a manually assisted
therapy. Herein, the basic concept is to perform training sessions in which the patient is supposed
to repeatedly perform arm movements that mimic functional movements from daily life. Since the
voluntary activity is often not sufficient to fulfill the desired training-tasks, typically a therapist
assists. Sometimes also passive rehabilitation devices for guiding movements or even active
robotic devices are used (under the supervision of a therapist).

For severe impaired arm functions where no residual voluntary activity is present, the rehabil-
itation progress in a manual therapy is commonly minor. Therapy concepts in which patients

11



perform an active training without assistance cannot be applied because of the lack of residual
voluntary motor functions. Hence, in the past, for the corresponding patients, manual therapy
typically concentrated not on the motor relearning, but instead on the rehabilitation of Activities
of Daily Living (ADL) by using the unimpaired hand to perform ADL and on the mobility.

Devices used in rehabilitation To lower the effort of the manual assistance in guiding movements,
many devices have been invented that allow patients to train without assistance given by the
physiotherapist. In this case, also the rehabilitation of motor relearning seems feasible in patients
suffering from severe impaired arm functions as it is reasonable to apply training sessions more
often.

The broad range of available devices [99, 116] starts with passive mechanical devices in which the
guidance of the (partially) paralyzed side is performed by the unimpaired side (e.g. RehaSlide,
Reha-Stim Medtec GmbH, Berlin, Germany). More elaborate devices (In the sense of technological
effort) use spring-based mechanisms (e.g. Armeo Spring, Hocoma AG, Switzerland) or motor-
actuated wires connected to the upper limb (Diego, Tyromotion, Austria) to perform an arm
weight relief. This leads to a reduced volitional effort required to perform movements. A robotic
device (Armeo Power, Hocoma AG, Switzerland) that performs a complete guidance of all degrees
of freedom of the upper extremity using impedance-controlled motors is the most technologically
elaborate device so far with respect to the effort spent on motorization and control. Such devices
allow patients to perform their training mostly on their own. Further, an on-screen biofeedback is
often used to motivate the patient. However, such devices are often complex, immobile, and last
but not least expensive. Further, the benefit concerning the rehabilitation outcome in comparison
to manual therapy is questionable [99].

Functional Electrical Stimulation In the case of stroke and SCI patients, by the application of
Functional Electrical Stimulation (FES), muscle contractions can be artificially induced, even
if muscles are completely paralyzed. This enables the potential to restore and support limb
functions. To obtain precise functional movements, the amount of stimulation must be precisely
adjusted by means of an automatic control-system.

FES has been successfully applied in the rehabilitation of stroke patients as well as in Spinal
Cord Injury (SCI) for daily-live support of motor functions [131]. Electrical Stimulation (ES) can
be further used in a therapy to treat spastic co-activations [100] and shoulder pain [96, 41]. For
these purposes, a number of commercial devices – some targeted to special FES-applications (e.g.
drop-foot compensation, hand and finger extension, FES-cycling) – are available on the market.

As another rehabilitation approach for stroke patients, FES can be used in repetitive training
movements to guide and support movements in a therapy yielding a similar potential as given by
active robotic devices. This may have beneficial effects on the process of motor re-learning, if the
volitional training movements are synchronously supported, meaning the movement induced
by FES-support goes into the same direction as the voluntarily intended [52, 17, 167]. This is
typically exploited by Functional Electrical Therapy (FET) [141].

Other typical clinical applications of FES include the correction of drop foot in stroke patients
[115] in daily-life and the support of wrist and finger extension.
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Table 1: Motor unit / muscle fiber classification and their properties.
fiber type resistance

to fatigue
conduction
velocity of
enervating
axon / nerve

axon
diameter

time to
contract

size of
motor unit

intensity
of the
evoking
stimuli

Type-I resistant slow small long
twitch

small, less
fibers

high

Type-II-A resistant intermediate intermediate fast twitch intermediate high
Type-II-B fast

fatigable
fast large fast twitch large, many

fibers
low

Combinations of robotic devices / orthosis and FES Such hybrid approaches were developed for
rehabilitation purposes as well as for daily-live support. Many systems for the realization
of reaching functions were presented in which mechanical surroundings perform a weight
compensation and a guidance of movements that are induced by FES. The benefits include a
slower progression of muscle fatigue due to the weight compensation and simplified requirements
for the control of FES due to the guidance of movements. Additionally, many commercially
available devices for stroke rehabilitation were extended with FES [147] with the aim to exploit
the beneficial impact of FES on motor relearning. Many of these approaches are subject to to
ongoing research. In the case of active devices, the surrounding actuation may take over the
generation of training-movements initially generated by FES as muscle fatigue increases, hence,
allowing a longer and more intensive training. A review of currently available approaches is
given in Sec. 2.7.

2.2 Muscle Fiber Types , Motor Units , and

Recruitment

Each muscle in the human body is made of a large number of muscle fibers. Herein, each fiber is
assigned to a motor unit, which forms the lowest instance in the generation of motor function and
involves many further muscle fibers. All fibers belonging to one motor unit are connected to one
lower motoneuron (alpha motoneuron) via enervating axon / nerve fibers as illustrated in Fig. 1.
The number of motor units per muscle may range from 100 in small, e.g., hand muscle to 1000

in, e.g., limb muscles. Almost all motor units and, further, their enervated muscle fibers belong
to one of three main classes Type-I, Type-II-A and Type-II-B subjected to different properties as
shown in table 1 [101, 70, 124].

The main distinctive feature that differs among these classes is the resistance to the fatigue and
the time required to develop a contraction in response to a stimulus. Fibers of Type-I require a
longer time to contract than fibers of Type-II. The latter class is further subdivided into Type-II-A
that is more resistant to fatigue and Type-II-B that is subjected to fibers suffering from a faster
progression of fatigue. However, the fatigue resistant classes (Type-I and Type-II-A) require a
higher intensity of the evoking stimuli. The size of the motoneuron varies and increases with the
number of muscles fibers belonging to the motor unit.

The lower motor neuron is connected to the upper motor neuron located in the brain via one
nerve fiber. It spreads the activation stimuli to the individual muscle fibers in the form of action
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α-motoneuron

spinal cord muscle fibers

cortex

motor endplate

axon / nerve fiber

Figure 1: Schematic illustration of one motor unit. (Figure adapted from [101])

potentials transmitted via the axon (cf. Fig. 1). The conduction velocity (CV), i.e., the propagation
velocity of the depolarization along the axon, is different for each type of motor unit.

Each time a motor unit is recruited by a single stimulus, all muscle fibers are activated for a
certain duration (in the order of 80 ms) [124]. By repetitive application of stimuli, the individual
responses superpose to a smooth muscle activation. Dependent on the fiber extension and, further,
on how fast the fibers are extended or compressed, a muscle torque is generated in response to
the muscle activation.

To achieve a continuous muscle contraction, potentially involving multiple motor units, the
activation stimuli must be applied successively at a rate greater than approximately 10 Hz such
that the individual effects of each applied stimuli superpose to a smooth contraction.

To develop muscle forces, different combinations of firing rates, the number and type of activated
motor units, and the firing rate are possible. The central nervous system uses rules to determine
how to adjust the individual parameters depending on the desired force to, e.g., retard the
onset of muscle fiber fatigue. Herein, in one principle, called spatial recruitment or Henneman’s
size principle, the smaller, slow twitching and fatigue-resistant motor units are activated first
to induce slight muscle tension. To further increase the contraction strength, the larger, fast
twitching, and fast fatiguing motor units are activated additionally [101]. Herein, the larger motor
units (involving more muscle fibers) generate more force for one single stimulus than smaller
motor units. This principle does not fixate the firing rate (temporal recruitment) or the number
of recruited motor units; hence, further rules are involved by the central nervous system that
determines these two remaining parameters unambiguously. For example, typically the firing
rate is further modulated by the central nervous system.

2.3 Functional Electrical Stimulation (FES)

Functional Electrical Stimulation (FES) is a technique in which artificially generated electrical
stimuli, commonly in form of successive pulses, are applied to motor nerves [154]. They induce
an artificial recruitment of motor units by inducing action potentials in the corresponding
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motoneurons. The application of the electricity is typically performed via surface electrodes but
also implanted electrodes may be used – however, suffering from an intensive invasive effort.

The common strategy of applying the electrical current2 is in form of bi-phasic stimulation pulses
as illustrated in Fig. 2. Herein, the generated force can be modulated by the current amplitude
and/or pulse width of the applied stimuli (spatial recruitment) or by the rate of stimuli (temporal
recruitment). In spatial recruitment, the delivered charge, i.e., the product of current amplitude
and pulse width is affecting the amount of recruited motor units and, hence, also the muscular
activation.

time
current amplitude

st
im
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en

t pulse width

inter-pulse interval

Figure 2: Biphasic stimulation pulses: Two rectangular shaped pulses are applied one after the other,
whereby the second one is applied with an opposite current direction to minimize galvanic effects
in combination with the material of the stimulation electrodes. This aims to prevent tissue
damages [136].

Because of their larger axon diameter of the corresponding motor unit (cf. Table 1), Type-
II-B muscle fibers are activated at lower intensities of external electrical pulses compared to
fibers of Type-I and Type-II-A. Hence, for low levels of FES-induced muscle contraction, mostly
fast fatiguing fibers (Type-II-B) are involved. This is in contrast to the natural recruitment as
formulated by Henneman’s size principle in which smaller motor units (fewer muscle fibers and
smaller axon diameters) of Type-I and Type-II-A are activated at first. Because of the primary
activation of the fast fatiguing Type-II-B fibers, a more rapid progression of muscle fatigue in
FES-activated muscles is observed.

For constant stimulation intensities, the same motor units are recruited for each stimulus. This is
contrary to natural recruitment in which motor unit activations are distributed over all available
units in a timely alternating fashion to generate a resulting torque that is uniformly caused by all
available muscle fibers. Herein, the individual motor unit is recruited less often in time compared
to FES activation. This contradiction further contributes to changing muscle-response properties
to FES. Because of these reasons [154], the treatment of muscular fatigue forms another challenge
in the control of FES.

In stroke as well as SCI patients the neural pathway from the Central Nervous System (CNS) to
the muscles may be interrupted leading to a complete or partial paralysis. The muscles themselves
retain their ability to contract and produce force when the muscle is not denervated, i.e., the
lower motor neuron is still intact. FES applied to the lower motor neurons can replace the lacking

2The electrical current passing the stimulation electrodes is commonly controlled within the stimulation device by
adjusting the voltage in-between the electrode pair.
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signals from the CNS [167] such that, e.g., arm movements can be artificially introduced. Hence,
FES is long proven technique for inducing muscular contractions in patients suffering from
upper neuron motor lesion and is often used for rehabilitation purposes or in neuroprosthesis for
restoring lost motor functions [133]. Typically, stroke patients and people with spinal cord injury
can benefit from FES. If, however, the lower motoneuron is damaged and the corresponding
muscle denervated, e.g., due to other neurological diseases, the artificial muscle activation by FES
is difficult – however possible with sufficiently high stimulation intensities [119].

This thesis focuses on the application of FES to the upper limbs to restore and support arm
functions.

2.4 Charge Control

To modulate the intensity of FES, three parameters (pulse width, current amplitude, and stimula-
tion frequency) may be adjusted. Therefore, multiple degrees of freedom are available to influence
the level of muscle activation. The most common approach is to modulate (or dynamically adjust)
the pulse width within a range of 0 to 500 µs and to fixate the current amplitude to a level ranging
from 0 to 120 mA. In almost every application, the stimulation frequency is kept constant between
20 to 60 Hz.

All experiments and control systems presented in this thesis use the charge control-method [166]
in which the current amplitude I and the pulse width pw are adjusted to realize a given charge
Q = pw × I for one sub-phase of the bi-phasic stimulation pulse as shown in Fig. 3.

normalized pulse charge Q=(pwmaxImax)
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Figure 3: Current amplitude and pulse width of the bi-phasic stimulation pulses as a function of the pulse
charge Q.

Herein, a given charge Q is equally distributed to pulse width and current amplitude as follows:

pw =

√
Q pwmax

Imax
, I =

√
Q × Imax

pwmax
, 0 ≤ Q ≤ (Imax pwmax),
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wherein pwmax and Imax are the maximal values of pulse width and current amplitude, respec-
tively.3

The pulse charge Q is limited by a maximal level Qmax in the individual application. This
maximum may be chosen such that the stimulation intensity does not go beyond the linear region
of the muscle recruitment function (cf. Sec. 2.6) or such that the stimulation pulses do not become
unpleasant in case of subjects with remaining sensation. In case of adaptive control schemes,
a value going beyond the linear region may be used such that there is some room left for the
compensation of fatigue.

Stimulation intensities in form of pulse charges are commonly inconvenient for visualization or
parameter adjustment purposes. To simplify the handling of the numeric values, a normalized
stimulation intensity in form of a percentage value v ∈ [0, 1] is introduced as follows

v = Q/Qmax,

so that 0 % means no stimulation and v = 1 refers to the maximally tolerated stimulation level.

2.5 Electromyography (EMG)

Electromyography (EMG) [124] is a technique to measure the electrical responses produced during
muscle contractions. During motor unit recruitment, the command signal is transmitted from the
lower motor neuron to the associated muscle fibers by electrophysiological and electrochemical
processes. Each activation of the nerve fibers causes an electrical depolarization called Action
Potential (AP) that is spread within the tissue surrounded by the muscle as explained in Sec. 2.2.
The activation of multiple motor units causes a superposition of the individual action potentials.
Please note that this activation can be caused volitionally or due to FES. Even a combination of
both activation types (hybrid muscle activation) is visible in the EMG.

reference electrode

EMG electrodes

stimulation

electrodes

Figure 4: Exemplary placement of stimulation- and EMG electrodes on the shoulder deltoid muscle.

3In the experiments described in this thesis, these values were fixed to the maximal values that the used stimulation
device (RehaStim Pro, HASOMED GmbH, Germany) can generate: pwmax = 500 µs and Imax = 120 mA.
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When recording EMG, this superposition is measured by a pair of electrodes (typically Ag/AgCl-
electrodes) attached to the surface of the skin above the muscle (as illustrated in Fig. 4). Alterna-
tively, percutaneous needle electrodes might be used that also allow intra-muscular measurements.
Typically, if the estimation of the volitional EMG (vEMG) is the primary focus, the electrode
pair is placed in the fiber direction in between the stimulation electrodes with an interelectrode
distance of 20 mm if no FES is applied to the muscle. In case vEMG is obtained from a stimulated
muscle, the electrode pair may be placed orthogonal to the direction of the electrical current to
reduce the influence of the stimulation pulse on the acquisition device. This potentially reduces
disturbances in the measurement of EMG.4 Most commonly, an additional reference electrode
is used with which the EMG-acquisition device can compensate external electrical disturbances.
This electrode is typically placed in electrically inactive areas (i.e., on bony parts). The electrical
signal is then sampled at a rate from 1 to 4 KHz.

In case of a voluntary activation, multiple motor units are activated asynchronously at different
times. The electrical potentials obtained via the EMG-electrodes are then the superposition of
the individual responses yielding a signal that is similar to band-limited white noise (vEMG).
Herein, the intensity in terms of the noise amplitude relates to the number of recruited motor
units. This amplitude is commonly estimated by calculating the low-pass filtered absolute value
of the vEMG-signal or the Mean Absolute Value (MAV) in case of block-wise signal processing.

In contrast to a voluntary activation, the artificial electrical stimulation pulse activates a set of
motor units closely synchronously leading to the so-called electrically evoked EMG (eEMG).
Herein, the measured EMG additionally includes the potential caused by the electrical stimulation
pulses leading to a pulse-shaped artifact in the EMG measurement. A few milliseconds after
this artifact the superposition of multiple, closely synchronously caused APs is visible forming
a wave-shaped signal that is hence called m-wave. The intensity of this wave depends, among
other factors, on the number of the activated motor units and the conduction velocity of the nerve
fibers. Exemplary data sampled at 2 KHz for a healthy person is shown in Fig. 5 and Fig. 6.

In digital signal-processing of EMG-data, it is beneficial to evaluate this data block-wise, meaning
EMG-data for each inter-pulse interval between the stimulation pulses is combined into a vector
EMG[k] for each interval k. In this thesis, it is assumed that the m-wave, as well as the volitional
EMG contain information on the recruitment state of the muscle. By appropriate digital filters,
a separation and the intensity-estimation of both activation types are possible. An approach to
performing this separation and evaluation is presented in Sec. 3.2.2 and 3.2.3.

On the technological side concerning amplifier design, much progress has been made in the
previous three decades. In the early investigations, e.g. [172], analog high-gain (up to 200

000) amplifiers were used to measure EMG. The application of FES during an active EMG
measurement typically causes these amplifiers to saturate and the subsequent recovery time
hinders measurement of the actual EMG-signal. Today, high-resolution analog to digital converters
are available on the market. With them, only small amplification factors are required, as the
EMG-signals in the range of a few mV are well captured by the resolution of these converters.

4Despite these recommendations, the commonly used positioning of EMG-electrodes in the experiments presented in this
thesis is outside of the stimulation electrodes as discussed in Sec. 3.1. Experience obtained in previous experiments
lead to the conclusion that the stimulation-evoked EMG (eEMG), as introduced in this section, is less dependent on
joint movements in this case.
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Figure 5: EMG data obtained in the absence of FES only showing three volitional activation periods from
the medial deltoid of a healthy subject with a sampling frequency of 2048 Hz.
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Figure 6: In a) sample EMG data obtained during active FES including the stimulation artifacts from
the medial deltoid of a healthy subject with a sampling frequency of 2048 Hz are shown. In b)
and c) EMG-data EMG[k] for multiple inter-pulse intervals k are aligned. In b) data for the
absence and in c) for the presence of additional volitional activity are shown.
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Most recently, a 24-bit converter directly suitable for biopotential measurements in form of an
integrated circuit5 became available.

2.6 Muscle Models

To describe FES-induced motions, e.g., in terms of a joint angle, typically a Hill-type model as
shown Fig. 7 is assumed [73, 67, 188]. Herein, a Hammerstein structure6 is used to describe the
muscle activation σ, succeeded by a second-order mechanical system is assumed. The internal
muscle recruitment state λ is given by the non-linear muscular recruitment function rc(v) which
is related to the number of motor units activated by FES7 which depends on the stimulation
intensity v. This static function usually includes a threshold, a saturation and a rise in-between
that typically is assumed to be linear as illustrated in Fig. 8 [38]. Ideally, this function only
depends on the stimulation intensity. In reality, however, there may be a dependence on fiber
length and the speed of its change (directly related to joint angle and angular velocity) because of
tissue deformation below the electrodes as indicated by the dashed line as illustrated in in Fig. 7.
Additionally, hysteresis effects can be observed [1]. However, in the design of control systems,
these dependencies are typically not considered as an intensive identification effort would be
required. Additionally, a strong dependency on the progression of muscle fatigue is present.

rc(v) Gm

F(ϑ, ϑ̇)

v[k]

EMG
evoked

λ[k]
ϑ[k]

mechanical
system

T[k]σ

EMG[k]

influence of tissue deformation

Figure 7: Assumed neuro-musculoskeletal system for one FES-activated muscle under the absence of
volitional activity.

To describe the dynamic process of muscle activation inside the muscle fibers, a second-order
transfer function Gm without transmission zeros is often used yielding the muscle activation σ. It
typically consists of a time delay of 0.02 s and a low-pass filter with a rise time around 0.04 s [149].
The muscular torque T is then obtained by the product of the muscle activation and the output of
a non-linear function that depends on the joint angle ϑ, and its time-derivative. The function F
captures the effect of muscle length and contraction velocity on the contractile force of the muscle.

In addition to the occurrence of a mechanical force, the electrical response EMG is generated (cf.
2.5).

5part number ADS1294, Texas Instruments Inc., Dallas, USA
6A static non-linear function to which the input(s) are applied in series to a linear time-invariant system.
7In this thesis – especially in Chapter 3 – a value proportional to the level of muscle recruitment, i.e., the number of

recruited motor units is assumed to be estimated. The factor describing this proportional relationship is unknown.
However, it is not required in the methods presented in this thesis.
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Figure 8: Recruitment function and the commonly used linear approximation within the stimulation
range [vll , vul ]. To generate limb movements not acting against gravity, only low muscle forces
are required and, hence, low stimulation intensities close to vll and, hence, also close to vthr are
sufficient to generate feasible movements. Therefore, the parameter vthr must be known well
in the design of such control systems. For movements acting against gravity, e.g., elevation
movements, typically, the whole linear range of the recruitment function is exploited.

The model presented above implies strong simplifications, as the process of motor unit recruitment
and fiber activation is highly complex. However, it is commonly used and has proven to be
feasible to the design of control algorithms for FES. A more realistic model was developed by
Riener and Quintern [150].

Hybrid muscle activation In addition to FES, the muscle can still be volitionally activated. The
volitional and FES-induced activation at the same time is called hybrid muscle activation in this
thesis. The process of motor unit recruitment increases in complexity as illustrated by a black-box
model in Fig. 9.
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hybrid recruitment and
activation dynamics
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yielding the surface EMG

(complex, non-linear
relationships) EMG(k)

influence of tissue deformation

Figure 9: Assumed neuro-musculoskeletal system for one muscle in case of a hybrid muscle activation.
Herein the motor units are recruited volitionally (described by the volitional activity γ) and,
further, by FES at the same time. The involved neuro-physiological processes are complex and
non-linear.
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2.7 Systems to Support Arm Reaching Functions

In the upper extremity, the degree of paralysis – in SCI as well as in stroke patients – varies within
a broad range. Often, not all muscles involved in the arm function are affected by a paralysis
meaning some muscles remain functional while others are affected. Muscles may also be partially
paralyzed, e.g., in stroke patients. Often extensive movements, e.g., the elbow joint extension or
the shoulder elevation, may be affected by spasticity hindering the volitional control.

Compared to the application of FES to the lower extremities it seems that less attention has been
paid to the upper limbs, especially arm and elbow movements. This narrowed attention might be
because motor tasks are harder to accomplish in the upper extremity [191]. Nevertheless, within
the past two decades, a couple of neuroprosthetic systems for the restoration or the support
in the rehabilitation of upper arm reaching functions were presented. For stroke patients, an
overview is given in [94]. The number of stimulated muscles varies in a broad range starting from
a simple triceps stimulation to an almost full activation of the most important muscles in the
upper extremity including hand functions using transcutaneous or implanted electrodes. Such
systems apply to stroke and SCI as well as completely and partially paralyzed patients.

A recent trend is to combine FES with robotic or passive mechanical devices to, e.g., realize
a guidance of movements and to reduce muscle fatigue by applying a weight support [147].
The former often yields a simplification of the required control approach to realize the arm
motion. Hybrid approaches that combine FES with exoskeleton-like mechanical devices were also
presented for SCI patients that are subjected to daily-live support.

Though hand functions also belong to the upper extremity, devices and methods for their
restoration are not considered in the ongoing review of the literature, as they form an entire
research topic on their own and may be separately treated in parallel to the restoration of reaching
functions. An available neuroprosthesis is, e.g., the Freehand system [176].

To be beneficial in daily live environments, the FES-induced arm movements must be triggered or
controlled by the user’s intention. This intention is typically obtained by voice control, mechanical
recordings of unaffected body parts, eye-trackers or the residual volitional activity through EMG
obtained from the affected or unaffected body parts. Very recent investigations consider the
control of FES to restore reaching and grasping controlled by Brain-Computer Interface (BCI)
technology in tetraplegic patients. Often – especially in the case of BCI or eye-tracker technology –
a classification is performed yielding to the execution of predefined movement-commands is used.
A continuous control, e.g., by adjusting the stimulation intensity proportional to a measured
volitional activity (through EMG) is typically difficult to realize.

2.7.1 Systems only relying on FES

In the upper extremity, the actuation of several degrees of freedom using FES, e.g., the inner
shoulder rotation, is difficult to achieve as muscles affecting different degrees of freedom of the
arm motion are layered over each other. Hence, a selective stimulation is difficult or practically
infeasible via surface electrodes. A full restoration of upper extremity function is, therefore,
difficult to realize by only using surface electrodes. When using implanted electrodes, the
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selectivity improves and a full restoration becomes easier to achieve as demonstrated by, e.g.,
[161, 160, 76].

As often only some muscles of the upper extremity are affected by a paralysis, the application
of FES to these affected muscles is often sufficient to restore reaching – in combination with
an appropriate control strategy. The remaining degrees of freedom may still be controlled by
the patient’s volitional activity. For example, in some approaches, only the triceps muscle is
stimulated to support elbow-joint extension movements, while shoulder elevation movements are
assumed to remain under volitional control [55, 54].

Stroke Around 2002, Functional Electrical Therapy (FET) has been introduced by Popovic [140,
142] to mimic reaching functions. Herein, Electrical Stimulation (ES) is applied to the partially
paralyzed upper limbs of subacute stroke patients. Repetitive training of simulated functional
tasks using FES is herein performed that is typically applied in daily 30 minutes sessions over
multiple weeks. The applied pre-defined stimulation patterns are triggered by a user-switch.

In more elaborate therapy approaches, Electromyography (EMG)-controlled FES (cf. Sec. 2.8.1)
has been applied, e.g., to the biceps or triceps muscle [61]. Herein, FES is controlled by the
residual volitional activity of the partially paralyzed muscle, which is assumed to be advantageous
for the rehabilitation outcome (cf. 2.1).

Goffredo et al. [56] proposed a FES-assisted rehabilitation system for reaching. A feedforward
control algorithm based on an Artificial Neural Controller calculates the stimulation intensities for
the flexors and extensors at the shoulder and the elbow. The arm position is observed by a camera
set-up and estimated by an image processing algorithm. In this publication, the FES-controller
was tested in simulation only.

Spinal Cord Injury (SCI) The feasibility to restore shoulder and elbow functions at least partially
by FES was demonstrated by Acosta et al. [2] in persons with C3/C4 tetraplegia using percuta-
neous stimulating electrodes and by Bryden et al. [25] in persons with C5/C6 tetraplegia using a
fully implanted stimulation system. However, the generated force in individuals with C3 and C4

SCI was not sufficient to hold the arm against gravity. In this context, it should also be noted, that
a long-lasting electrical stimulation of shoulder and arm muscles typically leads to a significant
reduction of the reachable range due to the fast progression of fatigue in electrically stimulated
muscles.

In 1994, Popovic et al. [139] proposed a synergistic control approach to realize FES-induced
reaching. They found synergies between the shoulder horizontal rotation and the elbow-joint
motion in the natural generation of reaching movements. Later, they presented an approach
[138] to support reaching movements by applying FES to support elbow extension movements.
Reaching is initiated by volitional shoulder movements. Herein, the triceps-stimulation is adjusted
on-line based on a continuous joint-angle velocity measurement of the shoulder and elbow joint
to detect voluntary movements. Herein, synergies between elbow and shoulder movements were
exploited. Tests were performed in eight healthy subjects that were instructed to perform reaching
movements volitionally. However, FES was not applied herein. The obtained data was used to
determine the present synergies.
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To support elbow flexion in C5/C6 tetraplegia, Giuffrida et al. [55] proposed a control system
in which the stimulation of the biceps is decreased in a reciprocal way to the volitional activity
(determined through EMG) of the biceps. The approach was successfully tested in four tetraplegic
patients. A few years later, they proposed a synergistic controller that used volitional activity feed
to an ANN to support the elbow extension [54]. Herein, EMG is obtained from eight muscle or
muscle portions of the upper extremity except for the triceps that is stimulated. This data forms
the inputs of the ANN yielding the stimulation intensity for the triceps. This control concept was
successfully evaluated in two patients.

An approach involving the stimulation of an increased number of upper extremity-muscles
was presented by Kameyama et al. [76] in the late nineties. They used implanted electrodes to
stimulate a total number of 12 muscles responsible for upper extremity function. Fixed stimulation
patterns have been previously calculated using a statistical analysis of EMG-data obtained from
multiple subjects. The system was tested in six patients – including partial and complete paralysis
of the upper extremity – and could successfully restore simple arm-postures in most cases.

Pure FES-induced reaching for completely paralyzed SCI-patients was investigated by Schearer et
al. starting around 2014 [161, 160]. They considered an implanted 12-channel FES neuroprosthesis
applied to the upper extremity. Their research concentrated on the development of a model and
system identification tequnics to be used to implement feedforward controllers. Recently they
proposed an approach that uses a quasi-stationary relationship between the stimulation intensities
and the resulting arm posture / hand position to implement a feedforward controller to realize
reaching movements in presence of paralysis [162]. The controller maps desired shoulder and
elbow joint positions to stimulation intensities. In preliminary investigations, a good tracking of
the hand position in the lateral direction was achieved. Tracking performance of forward- and
backward movements was less, however.

Liao et al. [107] developed a control strategy to restore reaching. However, the concept was only
validated in a computer simulation so far.

Jagodnik et al. [74] consider feedback-controlled reaching in a planar plane by optimized PD-
controllers. Their investigations, however, focus on simulation studies to determine the robustness
of the proposed approach.

To detect the user’s intention, Chadwick et al. [29] investigated the feasibility of using human
intracortical Brain-Computer Interface (iBCI). Using their set-up, a tetraplegic participant suc-
cessfully controlled virtual arm movements in a computer simulation that were displayed on a
screen. In this simulation, movements were generated by a FES-based muscle activation wherein
the stimulation intensities were adjusted by feedback-control.

Most recently, Ajiboye et al. [3] presented the first experimental results on the restoration of
reaching and grasping functionality using implanted FES that is user-controlled by an implanted
BCI. In this proof-of-concept demonstration involving one tetraplegic, the neural activity in the
motor cortex was translated into command signals to control FES that is applied via a total amount
of 36 electrodes. They are implanted in the shoulder and the upper- and forearm. Additionally,
an active mechanical support for the forearm (also controlled by iBCI) was used to support
FES-induced humeral abduction and adduction.
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2.7.2 FES combined with mechanical devices

Hybrid approaches that combine FES with passive mechanical or even robotic devices have
emerged in the past years [147]. In the rehabilitation of stroke patients, an increased outcome due
to the advantages of both approaches is expected. In case of SCI, exoskeleton-like devices were
presented. Typically, a weight compensation and a guidance of movements are realized by the
mechanical component. Due to the weight compensation, typically lower stimulation intensities
are required yielding in a slower progression of muscle fatigue.

Stroke In stroke rehabilitation, often elbow extension movements were considered in the past,
e.g., [16, 189, 72]. Systems that also apply FES to the support of shoulder-induced movements are
recently emerging, however.

Barker et al. [16] studied the combination of an existing low-cost, nonrobotic training device and
FES for rehabilitation. Herein, a passive linear guidance is combined with FES applied to the
triceps. FES is triggered by a detection of the volitional EMG and an open-loop control scheme
is used to ajust the stimulation intensity. This combination was tested in 10 stroke patients and
compared to the training without FES. In both cases, significant improvements in all impairments
and activity measures were demonstrated. However, there was no significant improvement by the
additional application of FES compared to the results without FES.

The system presented by Wu et al. [189] is similar to [16], however, it adds one more degree
of freedom to the guidance, such that arbitrary movements within a horizontal plane become
possible. FES is controlled in an open-loop fashion and triggered on the basis of the positioning
error. Preliminary results of a study showed that the additional use of FES yields benefits to the
rehabilitation process.

Recently, Meyer-Rachner et al. [125] presented a hybrid approach that combines an active, cable-
driven robotic system (Diego, Tyromotion GmbH, Austria) and FES applied to shoulder-deltoid
muscle to support arm elevation movements. Herein, recruitment control and the arm-weight
relief controller presented in this thesis in the chapters 3 and 4, respectively, are used. In addition
to FES, the robotic system also performs an arm-weight relief by applying an adjustable, motor-
controlled force to the forearm via the wires. The level of weight support is adjustable for FES and
the robotic, as well. The system aims at repetitive arm elevation movements. As the progression
of muscle fatigue leads to an insufficient support of the arm elevation due to FES, the level
of weight support performed by the robotic device is increased while the FES-support level is
decreased. The approach was tested in healthy subjects, so far.

Using the same robotic device like the one used in [125], Passon et al. [132] presented an approach
that compensates the arm weight by the cable-driven robotic system and, further, applies FES to
the anterior- and posterior deltoid, biceps, and triceps. This system aims at breaststroke swimming
movements for rehabilitation purposes, wherein horizontal arm movements are generated by
FES. In the proposed concept, receptive movements shall be realized, wherein FES is feedback-
controlled by an iterative learning vector field. By this vector field, the stimulation intensities are
calculated dependent on the joint angles such that the desired movement path is realized. To
compensate for deviations, the vector field is updated after each completed trial. The system was
evaluated in four healthy subjects.

25



The group surrounded by Freeman investigated iterative learning control for FES reaching in
stroke rehabilitation to realize feedback-controlled positioning in repetitive movements. Com-
pared to the commonly used open-loop, pattern-based strategies, the introduction of iteratively
learning feedforward control (ILC)-based learning control forms an elaborate approach to control
FES. This control concept relies on repetitive movements. After each trial, the sequences of the
actuation variables (i.e., stimulation intensities) are updated such that deviations from the desired
arm movement are smaller in the next trial. Starting in 2009, Freeman et al. and Hughes et al.
[45, 72] investigated an approach combining a robotic device that performs a guidance of the
hand position within a horizontal plane and feedback-controlled FES. They used a combination
of a closed-loop controller and iteratively learning feedforward control applied to determine the
intensity of a triceps stimulation. The user can initiate the movements by a switch. This approach
relies on a mathematical description of the musculoskeletal system whose numerous parameters
must be determined by a previously applied system identification procedure, however. Later on,
they continued studying iterative learning control in their numerous investigations [72, 121, 120,
48, 97, 98]. Due to iterative learning control, the error between a positioning target trajectory and
the achieved movement path could be reduced within a few repetitive trials. The restriction to
repetitive movements renders ILC unambiguous to apply for activities of daily life.

More advanced rehabilitation systems consider not only the stimulation of the triceps to support
the elbow extension but additionally apply FES to the shoulder deltoid.

The SAIL (stimulation assistance through iterative learning) system presented by Meadmore,
Freeman et al. in [121, 46] combines a passive exoskeleton device (Armeo Spring, Hocoma AG,
Switzerland) with feedback and feedforward controlled FES. Herein, also an iterative adaptation
of the feedforward component is performed. Again, FES is button-triggered.

In a feasibility study involving five stroke patients, Meadmore et al. [120] investigated the
GO-SAIL (goal-oriented stimulation assistance through iterative learning) system [48, 97, 98]
for stroke rehabilitation. This system combines a passive SaeboMAS arm support (Saebo Inc.,
Charlotte) with FES applied to the deltoid, triceps and the wrist / finger extensors (cf. Fig. 10).
Their results showed an improvement of motor capabilities in case of hybrid FES and the passive
arm support alone.

Westerveld et al. [186] used a robotic device (Demcon, Enschede, The Netherlands) to realize
reaching. Herein, FES was only used for grasping, however.

Recently, Resquin et al. [146] combined a passive exoskeleton (Armeo Spring, Hocoma AG,
Switzerland) with FES applied to the shoulder, the triceps, and the anterior deltoid. The intensities
are controlled by two decoupled control loops for shoulder and elbow motion, respectively. They
involve feedback in form of a PID-controller combined with a feedforward path based on an
artificial neural network (ANN). The ANN is learning the non-linear inverse dynamics of the
musculoskeletal system during active motion yielding a Feedback Error Learning strategy. First
tests on healthy subjects were successful and showed the learning behavior of the ANN. Tests on
stroke patients have not been performed so far. However, questions regarding the interpolation
behavior were not answered so far: Likely, for different reaching movements a trial-based learning
has to be carried out for each movement though. Maybe in case of only slight derivations
from the desired reaching trajectory, the ANN is still feasible to calculate valid control signals.
This improved flexibility about the desired trajectory would be a clear advantage over control
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University of Southampton Ethical approval (FoHS
ETHICS-4009), six participants were recruited between
January and April 2013.

Study design
A pre and post study design was adopted in which par-
ticipants’ upper limb motor activity and impairment
were assessed before and after 18 intervention sessions
at the University of Southampton, Faculty of Health
Sciences. Feedback regarding the system was also ob-
tained via a semi-structured interview. The assessments
and interviews were conducted according to standard
protocol, by assessors who were independent of the study.
Data collection was carried out by a team of experienced
researchers.

The rehabilitation system
The rehabilitation system (see Figure 1) facilitates recovery
of upper limb motor control and function through
goal-oriented, functional tasks assisted by FES applied
to the anterior deltoid, triceps and wrist and finger ex-
tensors. If required, mechanical support was provided
by a SaeboMAS, a dynamic mobile arm support that
acts as an unweighting device, facilitating movement
by supporting the arm against gravity. FES is mediated
by ILC controllers: between each trial, the ILC scheme
modifies the FES signal applied to each muscle by using

data recorded over the previous trials together with a full
dynamic model of the arm, in order to precisely assist
performance during the next attempt (see [17]).
A Microsoft Kinect® (Microsoft, Washington, USA)

and electro-goniometer (Model SG75, Biometrics Ltd,
Newport, UK) placed over the wrist joint were used to
measure the position of the shoulder, elbow and wrist.
Arm position data were combined with a kinematic de-
scription of the upper limb to compute relevant joint
angles (see [16] for details). To simplify the biomechanical
model and achieve computationally tractable controllers,
the joint axes in this kinematic description were chosen
to encompass the movement elicited by stimulation. In
particular, it was assumed that anterior deltoid contrac-
tion produced movement about an axis that is fixed
with respect to the trunk. While this neglects shoulder
adduction-abduction and internal-external rotation, re-
sults in [22] confirm a satisfactory level of accuracy over
the range of tasks considered in this paper. This axis
was identified by slowly ramping the applied FES to ac-
tivate the muscle and then fitting a plane to the result-
ing position data of the elbow in 3D space using least
squares optimisation (see [20-22]). To provide ideal ref-
erence trajectories for each joint, kinematic data were
collected from 14 unimpaired adults performing the
same tasks, and averaged joint reference trajectories
were extracted (see [23] for full details). The ILC algo-
rithms used the error between the participant’s measured
joint angles and the reference trajectories to update the
FES control signal applied to each muscle group. As in
our previous research, this update is computed using a
biomechanical model of the stimulated arm, and balances
tracking performance with the amount of FES provided
[16]. This hence promotes maximum voluntary effort. The
frequency of stimulation was fixed at 40Hz in all tests, and
the FES control signal corresponded to the pulsewidth of
the stimulation channels and was adjusted in real-time by
the ILC algorithm. A custom made graphical user inter-
face was used to select appropriate tasks and monitor
training. For safety purposes an over-ride ‘stop’ button ter-
minated trials with immediate effect.
The rehabilitation system incorporates five main func-

tional tasks that span a 3-dimensional workspace and of-
fers a range of reaching and grasping challenges requiring
different amounts of shoulder, elbow and wrist extension
and hand movement (see Figure 1). They comprise closing
a drawer, pressing a light switch (located at 90° or 115° of
shoulder elevation), stabilising an object, pressing a button
(placed at one of four different locations in the workspace)
and lifting to reposition an object. Objects can be placed
at different locations on the table corresponding to per-
centages of arm reach (60%, 75%, 80%, 95%), and either
directly in line with the shoulder or 45° to either side (see
Figure 1). The table displaying a customized workstation

Figure 1 System design. The participant sat at a workstation. The
impaired arm was strapped to a SaeboMAS arm support and
electrodes were positioned on the anterior deltoid, triceps and wrist
extensors. An electro-goniometer over the wrist joint and a Microsoft
Kinect captured the participant’s movements. The bubble displays
the task template customised to each participants arm length.
Green = button located at 60% of arm length; Blue = button located
at 80% of arm length; Red = button located at 75% of arm length,
45° to the impaired side; Yellow = button located at 75% of arm
length, 45° across body; small yellow circles = location that object
was grasped from and repositioned to (60% and 95% of arm length).
The cabinet housed the light switch tasks (located at 75 and 80% of
reach for the high and low light switch tasks respectively); the draw
task (located at 80% of reach) was on the reverse side of the cabinet.

Meadmore et al. Journal of NeuroEngineering and Rehabilitation 2014, 11:105 Page 3 of 11
http://www.jneuroengrehab.com/content/11/1/105

Figure 10: The experimental set-up used in [120]: The impaired arm is connected to an arm weight-support
device, while FES is applied to the anterior deltoid, triceps and wrist and finger extensors. The
picture was taken from [120] with permission of the author.

approaches relying on ILC. In case of completely different desired movements, this extrapolation
probably fails, however.

Spinal cord injury (SCI) To enable reaching functions in individuals with SCI at C3 and C4 level,
FES-hybrid orthoses have been investigated.

In the late eighties Hoshimiya et al. [71] presented a hybrid system to restore elbow extension,
wrist extension/flexion and grasping functions in C4 SCI-patients by using implanted electrodes.
A balanced forearm orthosis (BFO) was used for inducing the arm motions from weak shoulder
movements. Pre-defined stimulation patterns that are previously obtained by EMG recordings
in healthy subjects were applied. User control was realized by volitional respiratory commands.
The device was successfully tested in one C4 patient and allowed sophisticated movements.

Nathan et al. followed a similar approach [128] using surface electrodes for up to 12 muscles.
Mechanical splinting was used to guide movements, and the system integrates volitional shoulder
girdle movements. By voice commands, several FES-induced motor functions are triggered. This
device has been successfully tested in pilot clinical trials.

Smith et al. [169] developed an open-loop control system for the upper extremity enabling
FES-support of grasping, elbow extension and flexion as well as shoulder elevation. A suspended
sling was used to provide shoulder joint stability. The induced movements were continuously
user-controlled utilizing a position transducer attached to the contralateral shoulder. The obtained
position was then normalized and used to apply stimulation by pre-programmed stimulation
patterns that depend on this normalized position.

Schill et al. [163] developed the system OrthoJacket - an active FES-hybrid orthosis for the
paralyzed upper extremity. The system combines FES controlled grasping with an electrical /
pneumatic actuation of shoulder movements and a flexible fluid actuator for support of elbow-
joint movements. To control the orthosis, arm EMG-signals were acquired. This means that only
individuals with some residual arm/hand functions could use this system. Furthermore, FES
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was not used for movement generation at the shoulder or elbow joint. A clinical evaluation has
not been reported by now.

Within the EU project TOBI, a further FES-hybrid orthosis was developed to support both
grasping and elbow-joint movements by FES [151]. However, this system requires sufficient
residual shoulder function to be provided by the user. To avoid an excessive stimulation of the
biceps muscle during holding tasks, an in-flexion direction self-locking and electrically de-lockable
elbow-joint is used within the orthosis. A Brain-Computer Interface (BCI) and a shoulder joystick
at the non-supported side are provided as interfaces for the control of the orthosis.

2.7.3 Summary

In many existing systems, FES was applied in an open-loop manner using pre-defined stimulation
patterns. Movements are often triggered, e.g., by a user-switch, through EMG signals of preserved
muscles or recently by Brain-Computer Interface technology. Continuous control is also achieved
by a position transducer attached to the contralateral shoulder. Stimulation levels and the
timing of patterns are typically adapted manually to the individual, and the corresponding
effort increases as the number of stimulated muscles increases. A feasible treatment of muscle
fatigue using open-loop approaches only is difficult as an adaptation to the current fatigue-level
is impossible due to the missing feedback information.

In contrast, closed-loop control has the potential to correct position deviations in reaching.
Investigations on this topic that also include tests in healthy subjects or patients were mainly
performed by the group around Freeman. They successfully applied iterative learning control
combined with direct feedback control starting in 2009. This control concept is restricted to
repetitive movements, which is very feasible in stroke rehabilitation, however. In their numerous
investigations on this topic, they developed systems for stroke rehabilitation of arm and hand
functions (e.g., SAIL, GO-SAIL) and tested them in stroke patients.

Further, more recently in 2016, also Resquin et al. realized feedback-controlled positioning [146].
They claim that due to the use of an online-learning artificial neural network the effort required
to be spent for initial calibration procedures is significantly reduced. Instead, the adaptation is
performed during the initial phase of active control. Further, no detailed mathematical model
of the musculoskeletal system is needed. Their approach applies real-time feedback control for
the correction of positioning errors in a real FES setting (in contrast to simulation-only studies),
without requiring trial-based learning. In contrast to the open-loop strategies, this theoretically
enables the automatic positioning of the hand at arbitrary positions in the reachable workspace.
However, tests in stroke patients have not been performed yet.

2.8 Automatic Control Strategies for FES

To realize limb motions using FES, feasible automatic control strategies to adjust the stimulation
intensity of each FES-activated muscle are required to build autonomous neuroprosthetic devices.
Herein, two goals are possible: a) The FES-based support of movements caused by the residual
volitional activity that is harmed by paresis to a certain degree, and b) The generation of purely
FES-induced motion to restore movements in case of a paralysis.
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In case a), control systems were invented that measure the intensity of the remaining volitional
activity using EMG and in turn adjust the stimulation intensities such that the currently present
volitional activity is supported by FES. An overview of this topic is given in Sec. 2.8.1.

In case b), often feedforward or open-loop strategies are applied (cf. Sec.2.7.3). To compensate
for errors between the generated motion and the planned trajectory or a target position, position
feedback is required [34], however. Numerous approaches including, e.g., PID, model-based, and
many more were investigated in the past as reviewed in Sec. 2.8.2. Many potential applications of
FES, e.g., the restoration of reaching functionality can benefit from closed-loop FES. However,
due to difficulties in the prediction of the muscular behavior in response to FES caused, e.g., by
delays, non-linearities, and cross couplings, feedback-controlled FES is difficult to realize [114,
112, 191].
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Figure 11: Illustration of the typically observed uncertain (highly variant) muscle response to FES.

In advance to position measurements, further information describing the current muscle condition
may be obtained via stimulation-evoked EMG (eEMG). Herein, potential to assess the state of
muscle fatigue and the level of muscle recruitment is expected. The exploitation of eEMG forms
an upcoming topic in research that is reviewed in Sec. 2.8.5.

As outlined above, FES-based control typically uses the intensity of the stimulation pulses to
modulate the level of muscle recruitment and the consequential effects on limb motion. The
modulation of the rate of the applied stimulation, however, forms a less often considered actuation
variable that may have the potential to improve feedback-controlled FES by, e.g., reducing muscle
fatigue. This topic is considered in Sec. 2.8.6.

2.8.1 FES controlled by volitional EMG measurements

Different strategies to control FES based on the residual EMG of the stimulated muscle were
proposed in the literature, e.g., [59, 122, 22, 58, 166].

In early investigations, pre-determined stimulation sequences, which are triggered by the presence
of volitional activity as detected by EMG, are applied in an open-loop modality. This concept was,
e.g., applied to support wrist and finger extension in [27] and to support the finger and thumb
extension in [156]. Such systems are easy to implement, feasible to the application in clinical
environments, and yielded some commercial devices, e.g., [Neuromove 900, Stroke Recovery
Systems Inc., Littleton, CO, USA] that consider the wrist and finger extension. However, these
approaches do not assure the synchronization of FES to the intended voluntary movement after
the trigger as the intensity of the volitional activity could only be detected when FES is not active.
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This is because the acquisition of EMG during active FES was difficult to implement in the past cf.
Sec. 2.5.

stimulator vEMG
filter

EMG amplifier

a) vEMG-triggered stimulation patterns
b) vEMG-proportional
c) ...

vEMGstim. int.
vEMG-based controller

Figure 12: Control of FES based on the volitional activity determined from the stimulated muscle. This
principle is often applied to support the wrist and finger extension.
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Figure 13: Proportional control of the intensity of FES (v) based on the volitional activity (γ). The
parameters vmin, vmax, γmin, γmin are usually tuned in a trial and error approach to match the
patient’s requirements.

This drawback can be overcome by EMG-proportional controllers (cf. Fig. 13), which modulate
the stimulation proportionally to the volitional EMG e.g. [51, 180, 60, 7, 166]. This type of control
relies on the measurement of EMG from the stimulated muscle (cf. Fig. 12). This measurement
requires a higher effort regarding signal processing and amplifier design because the volitional
EMG component is disturbed by high-voltage artifacts of the electrical stimulation pulses (cf. Sec.
2.5). As a benefit to the user, however, such control schemes allow to instantaneously amplify
weak residual activity so that – in contrast to EMG-triggered approaches – continuous movements
can be realized by the user controlling the neuroprosthesis.

Using this kind of proportional control, Thorsen et al. [180] performed tracking tests in six SCI-
patients (five C5 and one C7) to support the wrist extension and thumb extension, respectively.
Their results show that EMG-proportional control is feasible to assist in rehabilitation. However,
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the movements may suffer from oscillations [180, 166]. Later on, in a larger study involving SCI
patients (C5 to C7), they used the standardized ARAT-test (Action Research Arm Test) to evaluate
the functional benefits of EMG-proportional control to enhance the tenodesis grip [179]. The
approach was found to be clinically relevant for the daily-live support as well as for therapeutic
effects.

EMG-proportional control to support the finger and wrist extension in therapy for stroke patients
has further been investigated in clinical studies by Hara et al. [60] and little later by Fujiwara et al.
[51]. Hara et al. found significant improvements in the volitional control and also improvements
concerning the motor functions, spasticity, and functional scores after the therapy. Further, they
applied EMG-proportional to the biceps and triceps muscle [61]. Fujiwara et. al found similar
improvements in upper-extremity functions.

To support reaching functions in SCI-patients, Ambrosini et al. applied EMG-proportional control
to the biceps muscle. In addition to FES, a passive exoskeleton is used to guide movements and
to perform a weight compensation for the shoulder elevation [7].

While aiming at physiological movements, the main difficulty in EMG-proportional control might
be caused by the low signal-to-noise ratio of the estimated volitional activity signal: Typically,
a low-pass filter is required, which introduces a delay in the respective closed loop and thus
causes limitations with regard to the desired movement [180]. Another effect that may hinder the
determination of the volition EMG during active FES (e.g., when stimulating the tibialis anterior)
is the occurrence of f-waves caused by spinal reflexes. These waves occur in the electromyogram
during the phases in which the volitional activity is evaluated [178] and, therefore, hinder the
estimation of the volitional activity.

A slightly modified approach was presented by Giuffrida et al. [55]. To support the elbow-flexion,
they proposed a control system in which the stimulation of the triceps is decreased in a reciprocal
way to the voluntary activity obtained from the biceps. In three SCI-patients, torque- and angle
tracking tests were performed. Herein, a comparison to a constantly active triceps stimulation
was carried out. The tracking performance of the presented control system was comparable to
the case of constant triceps stimulation. However, the average stimulation level is reduced. This
approach is expected to introduce an increased joint-stiffness due to co-activated muscles, i.e., the
biceps and triceps are activated at the same time. This increased stiffness might be beneficial as it
may improve motor precision (cf. Sec. 2.8.4). The main drawback, however, is that at least one
muscle in this antagonistic muscle pair must be contracted. Further extensions are required that
allow the user to enter a rest position in which muscles can relax.

Based on their previous experience in EMG-proportional control [7], Ambrosini et al. recently
proposed an on/off non-linear control system [6] to support elbow flexion movements. This
device allows even patients with reduced muscle contractions to autonomously activate and
deactivate the stimulation support controlled by their residual muscle activity. However, due to
the switching-based strategy, no continuous movements can be controlled.

An approach that does not belong to the category of EMG-controlled FES also enables volitional
control was presented by Riener et al. [149]. They proposed a control strategy only relying
on joint angle measurements to support standing up. Not relying on vEMG measurements,
patients can control the system by their residual volitional activity. Herein, the stimulation
intensities are continuously adjusted utilizing an inverse model of the musculoskeletal system
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that maps joint angles to stimulation intensities. This concept realizes a positive feedback loop.
However, questions regarding the closed loop’s stability remain unanswered – the closed loop
might perform an overcompensation of the body’s weight. As standing-up movements are
considered, this fact might be less important or even beneficial in this special case, though.
However, the application to, downward movements might require modifications of the proposed
control strategy. Further, numerous models parameters need to be identified. This approach is
similar to the arm weight compensation controller presented in Chapter 4 that ensures a slight
under compensation, in contrast.

Conclusion The estimation of the volitional activity by signal processing of the raw EMG during
active FES typically yields noisy signals. Herein, the noise amplitude is commonly too high
to drive the stimulation intensity directly in a proportional control scheme. For this reason,
commonly some kind of averaging or low-pass filtering is applied (cf. Fig. 12) that, however, also
introduces a delay or phase shift in the signal path. This delay significantly influences the ability
to control the level of FES by the user’s volitional activity. Such delays might be one of the reasons
for the oscillating movements observed in experiments (e.g., [180, 166]), though other, currently
unknown, causes are likely. Further, in presence of f-waves in the obtained electromyography
measurement, the estimation of the volitional activity becomes more challenging and, therefore,
also the control of FES [178]. Control schemes that trigger on the presence of volitional activity
tend to be more robust in their operation. However, the obtained movements are limited.

Despite all these reasons, the control of FES based on EMG-measurements seems feasible at least
in a rehabilitation context. Concerning the use in a daily-live scenario in form of a supportive
aid, the resulting motor precision might be improved, though simple functional tasks may be
achieved.

A promising approach is introduced that allows continuous movements by an indirect detection
of the volitional activity through joint angle measurements. Such an approach is applied to the
support of the arm-elevation in Sec. 4.

2.8.2 Difficulties in traditional control concepts solely relying on position

measurements

Artificial control of human limb movements or the support of residual movements in neuro-
prosthetic systems using FES forms a challenging task especially if movements according to a
given reference trajectory or at least a given ending position shall be realized [114, 112]. The
typical bandwidth of upper body movements ranges between 0.3 and 3.5 Hz for typical body
movements and does not exceed 10 Hz [175]. FES applied in an open-loop fashion using pre-
defined stimulation patterns was successfully applied for the correction of drop foot in stroke
patients or the restoration of grasping. However, many applications of FES (e.g., the recovery of
reaching functionality as described in Sec. 2.7) may benefit from more elaborate real-time control
and closed-loop strategies to compensate uncertainties in modeling and perturbations [112, 191].
Indeed, in the mid-nineties, a certain amount of enthusiasm was present to solve FES-based
movement generation by exploiting sophisticated control approaches, e.g., adaptive control and
artificial neural networks [34]. However, some practical limitations emerged that are outlined in
this section. The variety of approaches on the topic of controlled FES is illustrated in Fig. 14.
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Many control schemes based on the traditional approach that includes the steps of modeling,
system identification, and controller design have been proposed. Commonly, the assumed models
must be adapted to the individual user and muscle condition. These adaptation procedures
become harder to perform on humans as the number of tunable parameters increases – typically
if the complexity of the desired motion (e.g., regarding the number of degrees of freedom)
increases. Hence, they often become clinically unfeasible as too much time for preparation must
be allocated [146]. Nevertheless, a wide range of different control strategies including, e.g., PD,
PID, pole-placement, and many non-linear control techniques have been investigated that are
sometimes adapted on-line using adaptive control schemes [191, 112].

In case of basic control concepts like P-, PD- or PID-control or even pole-placement, a parameter
tuning based on easy to accomplish recordings of step responses is successful in case of simple
motion generation tasks, e.g., [30, 159] or as applied in Sec. 5.5.2. Herein, the performance can be
significantly increased by combining feedforward- and feedback control (e.g., [30, 42])

To obtain better performing feedforward, feedback, and adaptive controllers, usually intensive
effort to identify models that describe the musculoskeletal system is required [148] whereas the
obtained models are still approximative since musculoskeletal properties typically involve many
details that may be captured by such models [191]. Furthermore, the modeling of muscular
fatigue and hysteresis effects in motor unit recruitment is difficult, and a fast model adaptation to
the individual subject is hard to achieve.

An important model component is the nonlinear, spatial recruitment curve as illustrated in Fig.
8. Even though it is possible to obtain estimates of the curve through several methods, the
obtained results are typically vague and vary even among different identification methods [38].
Under isometric and stationary conditions, the output of a force transducer can be considered
proportional to the muscle recruitment (cf. 2.6). However, the estimation of this function is very
time-consuming and unfeasible in practically relevant set-ups that mostly rely on non-isometric
conditions. Even worse, the effects of muscle fatigue render these estimations obsolete within a
few minutes of active FES.

The second difficulty in feedback-controlled FES is the delay and the low-pass dynamics Gm

between muscle recruitment and muscle activation σ or muscle force (cf. Fig. 7). This is caused
by metabolic processes that are also part of the closed loop. As a result of this, the achievable
closed-loop bandwidth and hence control performance is limited.

Finally, the influence of muscle length and contraction velocity on the predicted torque F is
difficult to model and to identify. If considered in the control design, complex – in terms of the
number of parameters – non-linear functions are employed (e.g., [158], [44]). In many cases, this
dependency is neglected, however.

Under the progression of muscle fatigue, a model adapted to the initial muscle condition may not
reflect the current state sufficiently well and, hence, control performance and stability properties
may get increasingly worse. Performing a re-calibration as the system properties change, is
cumbersome and would be impractical in most applications.

If movements against gravity are performed by controlling one joint-angle, integral control
typically compensates for the effects of muscle fatigue. However, the closed-loop dynamics may
change potentially leading to a reduced controller performance. Many researchers investigated
the use of adaptive control strategies to perform an online-identification of model parameters
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(e.g., using non-linear Kalman Filters [158] or online-learning neural networks [146]). It is unclear,
however, how such adaptation systems behave in presence of spontaneously occurring external
perturbations like contact forces or temporarily increased loads (e.g., when manipulating objects
in grasping). Such perturbations may be misinterpreted by the adaptation loops, potentially
causing them to change the position controller’s parameters maliciously. In case of hybrid muscle
activations (volitional und FES-induced activity at the same time), the estimation of fatigue
parameters becomes difficult, as the volitional contribution to the muscle contraction is typically
unknown to the observer. Even if volitional EMG measurements are available, the situation is
difficult as a detailed model of the hybrid recruitment process would be required (cf. Fig. 9).

Concerning the calibration routines, typically the time constraints for donning devices to patients
are tightly limited as patients may get, e.g., demotivated. Further, the fraction of time spent for
donning in relation to the total amount of time designated to a typical training session should
not be too large. Calibration routines involving an intensive effort that cannot be automated are,
therefore, commonly unfeasible (e.g., [112, 146, 114]). Further, it is advantageous if the chosen
procedures also tolerate unexpected responses to FES, e.g., unexpected volitional activity or
displacements of the overall body’s posture and, of course, the huge variance of muscle responses
across different subjects, muscle conditions, and electrode positionings.

The majority of calibration routines for elaborate closed-loop systems do not fulfill these require-
ments. For this reason, nearly all commercial FES systems employ a simple and easy to tune
open-loop control strategy [112, 114]. Of course, pure open-loop control has many shortcommings,
e.g., concerning the movement precision and repeatability.

Investigations on joint angle control In the research of feedback-controlled FES, a common bench-
mark to compare controller performances is to control the knee joint angle against gravity.
Therefore, although this thesis focuses on the upper limbs, these investigations are also included
in this review.

Among the numerous investigations in joint-angle control, are linear control techniques like PI,
PID, and pole placement controllers. They are often extended by a feedforward path containing an
inverse plant model because a significant improvement in tracking performance can be observed.
For example, in [42] a comparison between such basic control concepts is given. Herein, a
comparison between feedforward and closed-loop PID control is carried out and further compared
to a combination of both. Besides, an adaptive feedforward controller is investigated. Results
were obtained in two trained SCI patients showing that the combination of PID and feedforward
control gives the best results regarding the positioning error. The significant increase in control
performance when using a feedforward component is due to inherent delays in the response of
the neuro-musculoskeletal system (cf. 2.6) that limit the achievable control performance of the
feedback portion. Therefore, a combination of feedback and feedforward control is often preferred.
Such combinations are naturally included in the design of RST-controllers [14] (pole-placement).
An example is given in [159], wherein a linear ARX (autoregressive exogenous) model is identified
based on data obtained from a simple open-loop stimulation test. The RST-controller based on
this model was successfully tested with a healthy subject. A similar approach based on virtual
reference feedback tuning (VRFT) is given in [143] that allows designing linear and even some
classes of non-linear controllers directly based on I/O data.
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The achievable performance of linear PID-control may potentially be improved by more elaborate
approaches as the musculoskeletal system (cf. 2.6) is non-linear, time-variant, and subjected to
unpredictable perturbations. The full variety of investigations in this field includes the use of
detailed physiologic models and the application of different control approaches like, e.g., neural
networks, non-linear control, adaptive control, predictive control, H∞-, optimal control, and many
further approaches [191]. Hence, only a brief overview of the most relevant investigations is
given.

An approach that combines an online adapted neural network in the feedforward path with
PID-control is evaluated in [30]. Like in [42], a comparison between different combinations of
feedforward and feedback control is carried out in a healthy subject. A huge improvement of
the tracking performance was observed when the adaptive feedforward path is activated. In
[144], a gain scheduling approach is employed wherein a switching between multiple linear
controllers based on the joint angle is performed. The controller was tested in a simulation using
a biomechanical knee model [150] and showed accurate performance.

The sliding-mode control (SMC) approach is known for its strong robustness concerning model
parameter uncertainties. Such an approach was presented in [75] and tested in simulations as well
as in two paraplegic patients. In patient-tests, the RMS error was quite acceptable. However, the
joint-motion tends to suffer from a continuously oscillating movement. Similar results on sliding
mode are presented in [157] for one healthy subject. They conclude that sliding mode yields
a robust controller without requiring complex models. The tracking performance, however, is
limited due to sampling (in contrast to continuous control) and the delays in the musculoskeletal
system. Further, a strongly chattering control signal is accompanied by increased demands on
tracking performance. In [155] a combination of SMC and an ANNs is used, wherein the ANN
is trained using data obtained during a phase in which SMC is activated. A comparably good
tracking performance has been achieved in tracking tests. These tests were performed using
intramuscular electrodes in three rats, however. The transfer of the results to human muscles is
not clear.

In [158] an approach using an on-line identification of numerous model parameters based on an
extended Kalman-filter and a nonlinear backstepping control system is presented and tested in a
simulation with good results.

In case of periodic or trial-based movements, e.g., repeated reaching, cycling or drop-foot
correction, run to run control, e.g., [43] or iterative learning control, e.g., [48] can be used. In
these approaches, no online feedback control is performed during the individual trial. However,
the resulting movements of a finalized trial are used to optimize the stimulation for the next trial
to reduce positioning errors. A combination with feedback controllers is possible, in any case.

Recently, a control approach in which a switching between multiple models (all describing the
same system) and corresponding controllers (one for each model) is performed was presented
by Brend et al. [23]. While the control system is activated, a continuous analysis is carried
out to check which model describes the system’s behavior the best. In turn, the corresponding
controller8 is activated to maximize control performance. This approach is called Multiple-Model
Adaptive Control (MMAC) and requires only minimal effort in the calibration as an automatic

8The controller that has been designed using the currently best matching model is used.
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adaptation to the individual subject might be performed online9. These investigations form initial
research and tests of this control system were performed under isometric conditions on healthy
subjects yielding good force tracking results. The application to position control is subjected to
future research. However, the results obtained so far are very promising.

Many examples given in this section apply to the control of the knee joint angle, whereby the
subject is seated with the leg free to swing. Herein, FES is commonly applied to the quadriceps
acting against gravity. The antagonist-muscles are typically not involved in the control. Hence,
this forms a more academic problem, however, as it might be difficult to transfer these results to
clinically relevant problems, e.g., the support of human gait.

Investigations on control systems for multi-joint configurations Most investigations for more com-
plicated multi-joint and multi-muscle set-ups only rely on simulation studies that were seldom
transferred to the real world. Among them are optimal control strategies for walking [137], [192]
or the upper limbs [74] (only simulation) and [18]. Recently Freeman et al. [47, 48] applied mimo
ILC to the upper extremities connected to robotic devices for rehabilitation purposes. In the
design of the control systems, complex non-linear models are used that must be identified in
advance to the training sessions, however.

To control multi-joint angle FES-systems, e.g., in human walking, Nekoukar and Erfanian [129]
suggest decentralized control (a dedicated controller for each joint) to simplify the requirement
on complex biomechanical models describing the interaction of multiple degrees of freedom. In
their framework, the individual controllers are based on a combination of sliding mode-, fuzzy
logic-, and adaptive control. The controller identifies the plant dynamics during active control
and does not require an intensive initial calibration. This set-up was tested in three paraplegic
patients to restore walking. A comparably good tracking performance could be achieved.

Recently Schearer et al. presented an open-loop control approach to induce full arm positioning
using a mapping between desired arm positions and their corresponding stimulation intensities
[162]. Herein, a static, data-driven model is used to describe the relationship between the
stimulation intensities and the obtained arm position. Further details are given in Sec. 2.7.2.

2.8.3 Cascaded control schemes

The control of FES, especially when a position feedback shall be realized, may be potentially
enhanced by incorporating further information that allows assessing more details of the current
state of the musculoskeletal system. Such information may be gathered, for example, by mea-
surements of force, limb acceleration or the state of muscle recruitment as illustrated in Fig. 15.
This information can be exploited to enhance control performance by cascaded control schemes.
Herein, in an inner loop, some non-linear and typically uncertain properties of the muscle’s
behavior can be linearized by a fast feedback loop that enforces the desired behavior. Then, in an
outer loop, the resulting, more predictable behavior is easier to model and control.

The feedback of muscle-induced forces is difficult to realize as force sensors are required –
preferably implanted ones, e.g., [68]. In some cases, the limbs acceleration is related to the
muscle induced force or may serve as further information describing the current motion state.

9The model parameters may be updated during active control, while a continuous model validation is performed.
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Figure 15: The muscle model as introduced in Sec. 2.6 and possible information to be obtained in advance
to position / joint angle measurements to enhance feedback control of FES are shown. This
information includes measurements of the evoked EMG, the muscle force or joint torque, and
joint angle or limb acceleration or velocity. The latter may be efficiently obtained by, e.g.,
Inertial Measurement Units (IMU).

Joint-angle acceleration measurements obtained by Inertial Measurement Units (IMU) were
exploited to enhance the control of the elbow joint angle in a cascaded control scheme in previous
investigations (not part of this thesis) as described in [91] and illustrated in Fig. 16. The
estimation of properties related to the muscular recruitment level by evaluating the evoked EMG
is an upcoming field of research and reviewed in Sec. 2.8.5.
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Figure 16: A cascaded position control scheme involving a feedback of the joint acceleration in an inner
loop. This loop is applied to an antagonistic muscle pair as proposed in [91]. A linearization
controller is, further, applied to each muscle while a switching control law distributes the
virtual control signal u to both muscles. In an outer loop, the joint angle is controlled.

2.8.4 Antagonistic muscle pairs and co-activation strategies

A special case of MIMO control is given by joint angle control using antagonistic muscle pairs as
illustrated in Fig. 17). Typical examples are given by the control of the elbow-/knee joint angle or
the shoulder horizontal flexion/extension.
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Commonly, the control of antagonistic muscle pairs is realized by a switching strategy that
distributes a one-dimensional actuation variable to two stimulation intensities, respectively for
each muscle (e.g., [4, 36], or the control scheme illustrated in Fig. 16). Herein, typically only
one muscle is activated at the same time, meaning the activation is alternating between muscles.
In [18], a controller for the upper extremities using a mixed feedforward/feedback approach is
presented that is applied to an antagonistic muscle pair. In the feedforward path, an artificial
neural network (ANN) is used.

stimulator
−T2

T1

i = 1

i = 2

v2v1

Figure 17: Artificial generation of horizontal shoulder movements in an antagonistic muscle pair formed
by the application of FES to the anterior (protagonist muscle, simulation intensity v1) and
posterior deltoid (antagonist muscle, simulation intensity v2) as investigated in Chapter 6. In
this example, a weight compensating exoskeleton surrounds the arm to keep a certain level of
arm elevation. The protagonist produces the joint torque T1 ≥ 0, while the antagonist causes a
torque directed into the opposite direction T2 ≤ 0. The resulting torque can then be defined
by T := T1 + T2 and the level of co-activation by Tcc := min (T1,−T2) (the portion of both
torques acting against each other).

For natural limb movements, however, it has been shown that the involved muscles are not
limited to be actuators that solely induce pulling forces into their pre-defined directions. Instead,
an important property for the natural control of posture and movement is the ability to modulate
the mechanical impedances by the simultaneous activation of the contrary-acting muscles, which
is called co-activation. Naturally, they are modulated by the central nervous system [69] to exploit
beneficial effects like increased mechanical stability accompanied by an increased motor precision
[26].

To show the presence of co-activations, many investigations in which neurologically unimpaired
subjects had to perform repeated movements (e.g., cycling, ...) were carried out. During these
experiments, muscle activation was recorded by EMG to investigate the natural behavior of
muscle activation (e.g., Fu and Wang [50] and Lynch et al. [113]). They showed the natural
presence of co-activation. Milner [126] investigated muscle activations in wrist-joint movements.
Herein, the wrist was connected to a motor-driven artificial load that simulated negative viscosity
utilizing a positive feedback of the joint angle. As the negative viscosity increased in its amplitude,
which can be considered as an increased degree of instability of the simulated mechanical system,
the naturally present co-activation also increased.

For artificial muscle activation by FES, Durfee showed in 1989 that an intentionally induced
co-activation in antagonistic muscle pairs yields significant performance increases in the control of
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the joint angle [36]. Further, in [95] a sliding-mode controller is applied to control the ankle-joint
using antagonistic muscle pairs. This approach induces co-activations that are the result of the
chosen control mechanism.

In the mid-nineties, Zhou et al. [196] investigated different co-activation strategies under isometric
conditions to realize sinusoidal and linear shaped joint torques. Their results show an improved
torque tracking performance as the level of co-activation increased.

Recently, Bo and Moura [21] investigated PID joint angle control applied to the elbow-joint with
additionally introduced co-activations. Further, a comparison between PID control with and
without co-activation was carried out. The obtained results show an oscillating control behavior
which is contrary to [36], however. In ongoing research, using a simulation model, they calculated
the joint stiffness and damping dependent on the level of co-activation and, further, performed
experiments on PI elbow joint angle control in two healthy subjects [20]. In the experimental
results, the control performance was, again, worse when using co-activations. The reasons for
this contrary behavior are unclear, however.

Liao et al. [107] considered the application of co-activations to FES-induced reaching functions,
however in a computer simulation only.

In a system for actively damping tremor-movements, the positive effects of co-contractions are
exploited as described in [19].

Most recently, Passon et al. [132] exploited co-activations in the control of the elbow-joint
angle in a set-up involving a cable-driven robotic system combined with FES applied to the
deltoid, triceps, and biceps (more details are given in Sec. 2.7.2). They reported an improved
joint-movement by applying a simultaneous activation of both muscles when switching between
muscles occurs (an approach suggested in [196]). However, they also reported difficulties in the
determination of controller parameters that were obtained in a trial and error approach. Notably,
the parameters describing the stimulation intensity to produce the onset of muscle contraction
might be challenging to fixate.

None of the presented systems consider the difficulty of properly maintaining the level of co-
activation also under the presence of muscle fatigue: As fatigue progresses, the level of the
activation thresholds, and the slopes of the linear ranges in the muscle recruitment functions
as well as change. These changes are not observable by existing control systems as only the
cumulative stimulation effect of both muscles (indicated by the resulting torque T) can be
obtained through joint-angle or joint-torque measurements. Hence, also the relationship between
the desired and the actual co-activation strength Tcc changes that is difficult to observe (cf. Fig
17). This topic has not been considered in current research.

Therefore, feasible strategies for controlling the co-activation level require the measurement of
the individual contributions T1 and T2 to the joint torque T or (at least) measurements directly
related to them e.g. the muscular recruitment level λ of each muscle (cf. Fig. 15). The former
option is difficult to implement as force sensors for the individual muscles are required. The
latter case will be considered in this thesis in Chapter 6.
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2.8.5 Using the evoked EMG to improve feedback-controlled FES

As presented above, the majority of control systems for joint angle control using FES are based
on motion feedback only. As already stated in Sec. 2.8.2, measurements that describe the
stimulation-effect (e.g., joint angles) suffer from a delay and, hence, fast feedback loops are
difficult to achieve. Feedback variables suffering from less delay w.r.t to the stimulation intensity
(e.g., muscle recruitment) may yield better controller performance when used in addition to a
joint angle feedback. Naturally, the Golgi tendon apparatus performs a torque feedback to control
the contraction strength of the motor units [101]. Baratta et al. [15] investigated the performance
of a feedback control loop controlling the muscular torque10 with outstanding results. However,
the described experiments were performed under isometric conditions, and an external force
transducer was used to measure the muscle torque. In some cases, implanted force sensors (e.g.,
[68]) are thinkable, but this will remain difficult in the foreseeable future.
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Figure 18: The muscle model as introduced in Sec. 2.6 and information that may potentially be extracted
from the eEMG are shown. In case of isometric conditions (ϑ constant), the model greatly
simplifies because F is constant in this case. As a result of this, the joint torque is caused to be
proportional to the muscle activation σ. Therefore, torque predictions by evaluating the eEMG
are simpler to achieve in isometric conditions compared to the non-isometric case.

In case of FES, motor units are recruited synchronously by the stimulation pulse, whereby each
motor unit generates an individual action potential. The cumulative effect yields the m-wave
appearing in the evoked EMG, whose intensity increases as the number of recruited motor units
increase and, therefore, strongly relates to the total level of FES-induced muscle contraction.
The shape, especially the duration of the m-wave is influenced by the muscle fiber conduction
velocity that is different for each type of motor unit. The velocity is known to decrease during
strong sustained contractions [123]. Further, changes in the m-wave’s frequency characteristics are
caused as a result of this which becomes visible, e.g., in a decreasing median frequency. Hence, a
promising approach to gain insight into the effectiveness of a stimulation pulse (concerning the

10The generation of muscle force/torque is also subjected to delays in the process of muscle activation. However, at least
the phase-shift introduced by the mechanical system is not present in torque feedback loops.
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number of recruited motor units) is to evaluate the m-wave’s intensity, frequency characteristics
or other suitable indicators. Some of them are illustrated in Fig. 19.
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Figure 19: Metrics for determining the m-wave’s intensity.

Especially the amplitude and width (area) may be related to the amount of recruited motor
units11, and the power spectrum contains information on the progression of muscle fatigue [123,
124].

Three possibilities to exploit the m-wave’s characteristics are illustrated in Fig. 18. One approach to
improve controlled FES is to adapt the controller to the progression of muscle fatigue automatically.
Therefore, some research has been carried out that considers the estimation of the level of fatigue
by evaluating the evoked EMG. Others try to estimate the muscle force from eEMG measurements.
In this thesis, it is investigated whether the evoked EMG serves as a measurement and feedback
variable for the stimulation induced muscle recruitment. An overview of the investigations
performed so far on the exploitation of eEMG is outlined in Fig. 20. These approaches are
reviewed in this section.

Estimating muscle fatigue by evaluating the m-wave To obtain information on the progression of
muscle fatigue, open loop approaches that use a model (e.g., [35] or [108]) for predicting the level
of fatigue are also thinkable. However, such models have to be adapted to the individual subject
and muscle by a calibration procedure. Further, as these approaches do not involve a feedback of
the actual muscle condition, the ability to predict the level of muscle fatigue with small errors
in the long-term is questionable as the internal states of the model and the muscle are likely to
diverge.

A great potential for the estimation of muscle fatigue using characteristic parameters of the
m-wave was expected in the past. This expectation was motivated by the fact that the distribution
of the power spectrum of the EMG signal indicates muscle fatigue in form of a more compressed

11An assumption made in this thesis.
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spectrum [123] meaning the Mean Frequency (MNF) and Median Frequency (MDF) depend on
the level of muscle fatigue.

Chesler and Durfee 1997 [32] investigated the influence of muscular fatigue to the m-wave for the
quadriceps. Multiple indicators, the RMS-values of the EMG and the median frequency of the
EMG’s spectrum, were compared. In case of healthy subjects, their experimental time-series data
showed a more or less unrelated behavior between the torque and each indicator, however. In one
dataset for a paraplegic subject, a clear correlation between both the median frequency and the
RMS-values and muscle torque is shown, however. The reasons are unknown. In healthy subjects,
there might be an unobserved interaction with volitional muscle activity that is not present in
paralyzed muscles.

Winslow et al. [187] used an ANN to detect muscle fatigue and to a obtain a fatigue compensation
control signal from the EMG measurements. Tests were performed either on the biceps or the
quadriceps. Herein, the samples acquired for each inter-pulse interval were the inputs to the
ANN, while the output was a command-signal that is used to compensate for fatigue. The
application in neuro-prosthetic systems is, however, questionable as the ANN must be trained
using data obtained in an experiment in which muscle fatigue must be caused by long-running
FES.

Chen and Yu [31] investigated the ability to use the peak-to-peak (PtP) value (cf. Fig. 19) of
the m-wave as a fatigue indicator in FES-cycling. Stimulated muscles were the quadriceps and
the hamstring in paralyzed subjects. The obtained PtP-values are averaged over each cycling
period and compared to the measured torque. They found that the PtP-values are significantly
influenced by the cycling speed. For constant cling speeds, the PtP-value may serve as a fatigue
indicator.

Further investigations in FES-cycling were performed by Erduardo et al. [40]. Tests with eight
SCI subjects were performed wherein stimulation was applied to the quadriceps. They calculated
several potential fatigue-indicators (peak-to-peak amplitude, peak-to-peak time, m-wave area
(MAV), and the time between the stimulus artifact and the positive peak). However, no correlation
to the measured torque was found.

Tepavac and Schwirtlich [177] investigated the correlation between FES-induced torque and seven
indicators derived from the evoked EMG under isometric conditions. FES was applied to the wrist
flexor muscles in six SCI subjects. The best correlation was obtained for the median frequency.

More recently, Yochum et al. [190] considered the estimation of muscular fatigue during FES
applied to the biceps utilizing a Wavelet analysis. In their approach, an initial m-wave is
memorized. For the ongoing m-waves, a comparison of the memorized to the currently measured
m-wave is performed by applying a scaling in the timescale as well as in the amplitude. The
scaling parameters leading to an optimal fit serve as a fatigue indicator. In their experiments
involving two subjects, the assumed indicator for fatigue showed an exponential decrease within
approximately nine minutes of constant stimulation. However, no reference value, e.g., muscle
force was recorded and compared to the calculated indicator.

EMG-based muscle force/torque prediction The prediction of muscle force or joint torque by pro-
cessing eEMG was investigated by many researchers in the past and recently. Beginning in the
late 80s, Solomonow et al. investigated the relationship between the MAV of the eEMG and the
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measured force [171], [172]. Second-order static polynomial models are used to describe the MAV
vs. force relationship and parameters are identified using the least squares method. A few years
later, also Durfee and Dennerlein [37] investigated this relationship with the aim to develop a
force-prediction method that can be used as a feedback parameter in a FES-control system. Both
investigations were performed only under isometric conditions, meaning that the joint angle
was fixed. Further, in [173], they investigated the median frequency of the power spectrum and
showed the relation to the average conduction velocity.

A few years later, the relationship between the MAV of eEMG and the force was investigated
again, this time for variable joint angles, by Solomonow et al. [170]. They performed experiments
in anesthetized cats in which they stimulated legs muscles to obtain extension movements. They
found that for strongly extended postures, the relationship was more linear compared to a flexed
joint. In the latter case, the observed relationship showed a more non-linear characteristic. In the
late 90s, finally, the first algorithm for predicting joint torques using a Hammerstein-model was
presented by Erfian et al. [39]. Herein, only isometric conditions were considered, however.

Zhang et al. [194, 195] developed a model based on a Hammerstein-structure to describe the
muscle force produced by the triceps surae muscle group (yielding an extension of the ankle
joint) under isometric conditions. The MAV of the evoked EMG was the input to the model and
the generated torque the output. They stated that the model parameters are time-variant – likely
caused by muscle fatigue. Hence, they further implemented a Kalman filter to perform an online
adaptation. In tests with SCI-patients, the obtained torque prediction was accurate. As the online
adaptation for the prediction of the joint torque required a measurement of the generated torque
itself, the benefits are not quite clear. Potentially, the torque prediction becomes available a few
sampling instances before the actual torque belonging to the current input is generated. In their
ongoing investigations [104], an ANN was used instead of the Kalman Filter for joint-torque
prediction – still under isometric conditions. In comparison to the method described in [195, 103]
prediction accuracy could be improved. Most recently, the proposed methods were tested in a
larger group of participants consisting of three healthy subjects and three SCI patients [105].

In [110], a model for describing voluntary muscle activations in terms of the knee joint angle
based on the volitional EMG is proposed. The typical constraint to isometric conditions – limiting
the practical application – was not assumed in this research. However, no FES has been applied
herein because of the restriction to volitional activation. Similar investigations were performed by
Clancy et al. [33].

To summarize, most investigations in predicting the muscle torque using EMG focus on isometric
conditions and, hence, their relevance to practical applications is limited. Further, commonly
much effort is required for the calibration procedures to perform the adaptation to the individual
muscle. Up to now, no investigations were found that consider the prediction of muscle torque in
FES- and volitionally activated muscle contractions. Such a prediction is of particular importance
in neuroprosthesis that should incorporate with the volitional activity, e.g., in patients with
incomplete paralysis. The development of such a model is considered in Appendix A: An
ANN-based approach to model this kind of hybrid muscle activation is presented.

eEMG used as a feedback variable First ideas on a feedback of the evoked EMG were already
proposed in the mid-eighties by Solomonow et al. [171], [172] and some years later also by Durfee
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and Dennerlein [37]. At that time, an urgent difficulty was the suppression of stimulation artifacts
in the data evaluation. Further, such control loops were only proposed without any further details,
and no implementation and tests have been performed, however.

Solomonow et al. [171] investigated the feasibility of an eEMG feedback by estimating muscle
torque from it and, herein, compared three different approaches for evaluating the m-wave’s
intensity to obtain a feedback variable. Investigated were the MAV, the RMS and the Median
Frequency. They recommended using the MAV in a feedback control loop. The investigated filters
were implemented using analog circuits that performed an averaging over multiple m-waves. In
a feedback control loop, however, such an averaging introduces a delay limiting the controller’s
performance. This drawback can nowadays be improved by digital filter approaches as commonly
used in EMG signal processing today. Herein, each m-wave is typically evaluated separately,
yielding the MAV for each m-wave respectively such that a discrete-time signal is obtained. At
that time, the computational power of computers or other devices suitable to perform digital
signal processing tasks was low and, hence, analog filters were preferred suffering from the
mentioned drawbacks.

Recently, Zhang et al. tested a feedback control system based on their previous investigations on
eEMG-based torque prediction in simulation and two healthy subjects [193]. FES was applied
to the proximal tibialis anterior, and the torque tracking controller yielded good results. This
approach is limited to isometric conditions, however.

Similar to the approach of recruitment control presented thesis, Li et al. [102] controlled the
intensity of the m-wave (measured in terms of the MAV). In contrast, their control scheme involves
a Kalman-filter to perform an on-line identification of a Hammerstein-model and predictive
control. The results in terms of tracking performance, however, do not show any significant
improvement over the much simpler integral control approach investigated in this thesis. Further,
in their approach, the used Hammerstein-model included more degrees of freedom to describe the
dynamics than actually necessary, which compromises the risk of improper parameter estimation.

Conclusion In summary, the exploitation of eEMG measurements seems feasible to improve
neuroprosthetic devices. However, all approaches seen so far are subjected to ongoing research
and are not ready to be applied in currently available neuroprostheses. Three major directions
were considered in research as illustrated in Fig. 20.

Research that focused on the estimation and eventually the compensation of muscle fatigue mostly
concentrates on isometric muscle conditions. Herein, several groups were seeking for possible
correlations between metrics of the m-wave and the FES-induced muscle force/torque yielding
partial success. Further, FES-cycling was considered as a special non-isometric case. Herein, the
periodicity of the task allows computing potential fatigue indicators for each completed cycle.

Another direction considers the estimation of muscle force/torque via a model. Such models
could be used to realize closed-loop muscle-force/torque control in a cascaded control scheme.
Investigations on the prediction of stimulation-induced muscle force/torque were presented very
early back in the mid 80’s and are still considered in current research. However, similar to the
estimation of muscle fatigue, only isometric conditions were considered. Further, the required
effort for parameter-identification of such models hinders the application in a neuroprosthetic
device.
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In a third direction, the mean absolute value of the m-wave is used as the feedback variable.
Though this has also been proposed very early, real tests on subjects were only performed recently
for the first time. In this context, it has to be said that the recent availability of powerful devices
for digital signal processing greatly enlarges the capabilities to gain useful information from the
m-wave. In contrast, at the time of the early investigations by, e.g., Durfee et al. or Solomonow et
al., algorithms had to be implemented using analog signal processing made of electric circuits.

In Chapter 3, a feedback of the evoked EMG is presented to control the muscle recruitment
level under fatigue and uncertain muscle activation. An estimate of this level is determined by
calculating the mean absolute value (MAV) of the FES-evoked electromyogram. In contrast to
the previous approaches (e.g., [102]), the MAV is only calculated within a specific region of the
m-wave whose position and length is described by two parameters. These parameters are adapted
the individual muscle and electrode placement, by an optimization that that aims to obtain a
linear relationship between the calculated MAV and the resulting joint angle. Further, a good
signal-to-noise ratio in the calculated MAV is rewarded.

The MAV-based feedback control approach described in [102] has been published in 2015 and is
similar to the approach presented in this thesis. The latter goes even further, however, because
of the optimization procedure mentioned above. Additionally, the control approach presented
in this theses is much simpler, while the tracking performance is still comparable. Further, first
results were already obtained in a simpler version of recruitment control presented three years
before (2012) in [85].

Most recently, the importance and the currently rising interest in eEMG-controlled FES to
compensate time-variant effects is reviewed in [63].

2.8.6 Variable stimulation frequencies

FES relies on the application of short electrical pulses whose intensity described by the pulse
charge can be modulated, while the time intervals between the stimulation pulses form a second
control input. Because the pulses are applied at discrete times instants, discrete-time control
systems are predestinated for the control of such neuro-prosthetic systems. As FES activated
muscles are subjected to a fast development of muscular fatigue, the range of motion of functional
tasks can be limited in the long term requiring time for motor unit recovery. It has been
found, that for achieving the same resulting muscular force, a higher stimulation frequency (and
smaller intensity) leads to a faster proceeding of muscular fatigue, compared to a low-frequency
stimulation (and higher intensity) [78, 79]. However, more frequently applied pulses typically
enable a better performance in time-discrete control systems. Therefore, typically a compromise
between the proceeding of muscular fatigue and control performance is chosen. Herein, fixed
frequencies ranging from 20 to 60 Hz are used, whereby the stimulation intensity remains the
only actuation variable. Though variable stimulation frequencies are commonly not used to
control FES, Kesar et al. suggest considering this strategy to improve muscle performance [79].12

For temporarily increasing the control performance, an obvious approach could be to increase the
actuation rate for periods during which it is beneficial (e.g., during fast movements), while for

12Some stimulation devices allow the generation of doublet or triplet pulses (multiple stimulation pulses in a row) that
cause a different recruitment behavior (commonly an innervated response to the stimulus). It should be noted that the
developed framework does not address this.
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periods of low activity (e.g., holding a position) the actuation rate may be lowered. However, the
effect of continuously adjusting the actuation times must be included in the discretized model.

Typically, most methods in sampled-data systems rely on periodic sampling [57], however, and
typical time-discretization methods [57] require a fixed duration of actuation- and sampling
intervals rendering them unfeasible to the use case described above. Hence, a more general
method is required that takes variable sampling and actuation times into account.

Irregular sampling times are typically considered in the analysis of Networked Control Systems
(NCS) by considering, e.g., random time delays for the arrival of a sensor measurement at the
controller [66]. An application for NCS is e.g. [5]. Such approaches typically consider variations
in the sampling time to be external disturbances. In [164] stability properties for switching
between multiple sampling rates are investigated, however only for a finite number of different
rates. There are some approaches for determining an optimal sampling rate for each control loop,
respectively, in large-scale control systems to optimize the usage of resources, e.g., [65], [106].
Stability under random sampling rates is e.g. investigated in [53]. Applications that use variable
sampling rates are e.g. [118], [168]. In event-based control [13], typically a control step is triggered
by a condition on the plant’s states that may cross defined borders or tolerance bands leading to
irregular sampling times. In [111] a control scheme is presented that updates the control variable
as a sensor measurement becomes available. In [28] several issues in event-based sampling in the
context of non-linear filtering are discussed e.g. anti-aliasing filters. An event-based PID-controller
is proposed in [11] without a formal analysis. First results for analyzing event-based systems are
presented in [64], whereby the focus is on regularly sampled control systems in which actuation
variable updates can be skipped. In [10] the stability of a classically designed state-feedback
controller applied to a plant is analyzed, whereby the time for the next update of the controller
output is decided online by an event generator.

In contrast to the above investigations, in Chapter 7, an easily usable, general framework for
discretizing LTI-systems with variable times for sampling and additionally actuation is presented.
To design control systems based on the obtained discrete-time models, a general linearizing
controller is proposed compensating the effects caused by the irregular time intervals yielding a
virtual plant that can be controlled by any discrete-time controller that assumes regular sampling.

2.9 Conclusions on the State of the Art

FES has been successfully applied for rehabilitation purposes and in some areas of daily-live
support in stroke as well as spinal cord injury. Many clinical applications of FES have emerged.
The most successful and popular ones include drop-foot correction and the support of the
wrist and finger extension. They come in form of ready-made, commercial devices suitable for
daily use. Further, FES-cycling is quite popular. In the upper extremity, grasping and reaching
functions are typically considered. The generation of functional tasks using FES becomes harder,
as they involve multiple degrees of freedom in the movement and a larger number of muscles
involved in reaching and grasping. Nevertheless, electrical stimulation is successfully applied
for rehabilitation purposes to mimic functional tasks, e.g., in Functional Electrical Therapy (FET)
without the requirement of precise positioning capabilities. Devices that react to residual volitional
activity by measuring EMG are present in clinical practice. However, the herein used control
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strategies are simple approaches typically combining one or more of the following strategies:
Triggered open-loop control, pre-defined stimulation patterns, and state-machines. User control
is often based on triggered stimulation realized with a switch or by EMG-measurements from the
stimulated or other non-paretic muscles. An elaborate approach aiming at arbitrary movements in
which the level of stimulation support is proportionally adjusted to the intensity of the volitional
activity is prone to result in movements suffering from oscillations. Despite this drawback, for
rehabilitation purposes success has been reported.

In all FES applications, a basic requirement is the reasonable control of the stimulation intensity
to obtain motion feasible for the specific application. Often, this forms a challenging task as
the muscular response to FES is typically difficult to predict and varies in time. Hence, active
research on finding feasible (feedback) control strategies has been performed in the past four
decades. The often-cited difficulty of muscle fatigue could be treated (involving some effort)
by control approaches like robust control, multiple model control, learning control or the use
of cascaded control schemes. Problematic is, however, the feasibility of most approaches with
respect to parameter tuning and the consequential time duration that has to be spent for controller
preparations.

FES applications for the upper extremity (e.g., reaching) are still difficult to implement because of
the complexity regarding the number of involved muscles. Therefore, often hybrid approaches
are used that perform a guidance of movements and, further, support the arm weight. Most
control approaches are open-loop and based on fixed stimulation patterns.

2.9.1 Restoration of reaching functions

In functional electrical therapy, reaching functions are mimicked by FES activation in stroke
rehabilitation, wherein the precision of the obtained motion is less important. In daily life
support, however, e.g., the interaction with objects, a higher motor precision is essential. Because
of a large number of degrees of freedom and the many involved muscles, such demands for the
generation of upper-limb motion by FES are hard to achieve. In case of a partial paralysis, the
user can still correct postures by his residual volitional activity meaning FES is supporting the
reaching task. Many approaches that provide support of the elbow extension and arm elevation
were presented. Herein, FES is often triggered through, e.g., user switches, motion measurements
combined with a classification algorithm, and by the measured volitional muscle activity.

In case of a complete paralysis, the full restoration of arm-functions is not possible today by FES
only and without a surrounding exoskeleton. Beneficial are implanted electrodes and orthosis or
other mechanical surroundings that support the arm weight or perform a guidance of movements.
Hence, FES was combined with such surroundings to overcome issues with the fast progression
of muscle fatigue, to reduce movement complexity, and to deal with insufficient muscle forces.
Sometimes the mechanical surrounding also performs an active generation of joint movements.

To correct positioning errors, a position feedback is required, which was, however, applied rarely
– most probably because of the difficulty of the control task. Two approaches based on feedback-
control must be mentioned: The first one is based on iterative learning control that is used to
correct iteratively performed movements. This strategy is optimally suited to the rehabilitation
of stroke patients, wherein typically the same movement is repeated. A successful reduction of
deviations from desired movement trajectories could be achieved. In the second approach, the
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application of online-learning neural networks was investigated to generate reaching functions
by FES in combination with a weight-compensating exoskeleton. By now, this approach was
investigated in healthy subjects and looks promising as also less preparation effort regarding
controller calibration is required. The reduction in calibration effort is made possible by the
online-learning approach that adapts to the arm’s response to FES utilizing the neural network.
However, questions regarding the extrapolation behavior remain unanswered so far.

2.9.2 Feedback-controlled FES

Up to today, the majority of neuroprosthetic devices feasible to clinical environments employ
open-loop stimulation strategies, commonly by, e.g., applying pre-defined stimulation patterns
that may be triggered by the user. In seldom cases, a continuous feedback of the stimulation
effect, e.g., using joint angles is applied. This situation may be because open-loop strategies tend
to be simpler, easier to certify, and often do not require a complex tuning procedure. Feedback,
however, requires advanced tuning, bears the risk of instability, and the produced control signals
might be unpleasant to patients with remaining sensation.

In research, the complexity of the investigated approaches is significantly increased – however,
most commonly in an academic context meaning for control tasks not (directly) applicable to
daily life support or rehabilitation purposes. Often single joint movements, e.g., the control of the
knee joint angle against gravity were considered and, further, the more elaborate controllers were
often only tested in one or more healthy subjects.

In single joint angle control, feedback control strategies ranging from simple PID- to nonlinear
control systems were tested. As the control system’s complexity increases, commonly elaborate
models to describe the musculoskeletal system are required. Hence, the effort spent on the
adaptation of such control system to the individual subject commonly also increases. Robust
control schemes that have lower model-requirements may yield a lower control performance (e.g.,
sliding mode may cause oscillations). Alternatively, cascaded control schemes may be used to
perform a linearization by feedback of certain parts of the musculoskeletal system. They, however,
were seldom investigated and require more effort in measuring adequate variables like torque or
acceleration in addition to position measurements.

More complex control tasks, such as the control of multi-joint systems as present in walking were
often considered only in simulation studies in the past. More recently, though, feedback control
in complex settings, e.g., reaching or the restoration of walking was tested – often in combination
with learning control that relies on repetitive motion or online-learning artificial neural networks.

An important topic is the automatic adaptation to changing muscle conditions. This topic has been
treated by approaches in which system parameters are continuously estimated by observers, e.g.,
Kalman-filters. However, these approaches required detailed knowledge of the system’s behavior
in form of mathematical models. It is questionable if such approaches are still feasible in – even
more complex – multi-muscle and multi-joint configurations. The application of online-learning
neural networks to explore the behavior of the musculoskeletal system might be a solution to
incorporate uncertain responses better, to compensate for time-varying effects, and potentially
to reduce preparation time. Iterative learning control performs an automatic adaptation, too,
however, settled to repetitive movement tasks, which is still feasible to stroke rehabilitation, in
any case. In case of hybrid muscle activations, meaning a muscle is activated volitionally, and by
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FES at the same time, it is difficult to distinguish between the contribution of stimulation and
the volitional activity to the movement. Therefore, the observation of muscle fatigue becomes
difficult.

In the past years, an increased interest in the use of the evoked EMG for estimating joint forces
or muscle fatigue that could be used as a feedback variable in cascaded control schemes can be
observed. In the presented approaches, still, complex models are used that must be adapted to
the individual muscle. Hence, they are still difficult to be applied in clinical practice.

The majority of control schemes are designed under the assumption of the absence of volitional
muscle activity. The interaction with potentially present activity in stroke or SCI patients may
cause undesired closed-loop behavior. Other approaches, nevertheless, use the measured volitional
muscle activity to control the stimulation intensity allowing a direct user interaction. However,
the low signal-to-noise ratio of the measurement limits the performance.

To improve motor-precision of artificially generated movements in antagonistic muscle pairs,
co-activation strategies – as present in the natural generation of motion – were proposed. Their
transfer to FES is difficult, however, as the generated co-activation level cannot be measured and
is subjected to unobservable variations due to changing muscle conditions.

2.9.3 Discussion

In this section, the current state of the art as presented in the previous sections is compared to the
methods and applications developed and investigated in this thesis.

Restoration of reaching functions To restore reaching functions, FES is typically applied in an open-
loop manner, often employing pre-defined stimulation patterns. These strategies do not allow
an arbitrary hand-positioning, wherein remaining errors are automatically corrected. In some
approaches, the user can modulate the positioning linearly. Approaches for the rehabilitation
of stroke patients were presented that allow a position feedback, however, only supporting
repetitive movements. The work by Resquin et al. [146] has to be mentioned as it introduces
a new feedback-control scheme for positioning that does not rely on trials. However, there are
remaining questions regarding the learning and extrapolation behavior of the used ANN.

In addition to the open-loop control schemes, this thesis presents a system for FES-based and
feedback-controlled positioning of the hand in Chapter 5. This system aims to enable reaching
functions using FES in patients who have a complete paralysis of arm and shoulder functions due
to high-level spinal cord injury. To reduce muscle fatigue, a weight-compensating exoskeleton
is used that further allows locking three degrees of freedom of the arm movement individually.
Herein, the weight-compensation increases the reachable space and the brakes allow to hold
postures so that the general amount of FES required is reduced. In contrast to previous approaches,
the brakes are integrated with the positioning controller to simplify the control concept and thus
lower model requirements and calibration effort, while still allowing position feedback control.
Further, in Chapter 4, a feedback-controlled arm-weight compensating neuroprosthesis to support
weak residual activity in the arm elevation is presented.
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Muscle fatigue, linearization, and artificial control of co-activation Although control schemes able to
compensate or tolerate muscle fatigue or other time-varying muscle properties were presented,
cases exist in which these approaches fail. These cases include at least the generation of FES-
induced co-activations and some cases involving hybrid muscle activation – like the one presented
in this thesis (cf. Chapter 4). To compensate for the effects of muscle fatigue – also in the cases in
which current control schemes typically fail – this thesis presents recruitment control (cf. Chapter
3) as a solution.

To reduce the complexity of models required for control system’s design – and thus to reduce
calibration effort, the recruitment control scheme, further, performs an enforced linearization of
some non-linear parts of the musculoskeletal system by a feedback of the stimulation-evoked
EMG.

Similar approaches to that were already investigated. However, they were mostly constrained to
isometric conditions or require torque sensors. A newer approach presented in 2015 also controls
muscle recruitment by a feedback of the m-wave’s mean absolute value. However, much effort is
introduced by the control algorithm, and the benefits of this increased effort are not quite clear.
In contrast, the approach presented in this thesis uses a simple integral controller, which has
found to be well sufficient. Further, an optimized strategy for evaluating the m-wave is used that
enhances the noise level and the meaningfulness of the feedback variable.

In the past, only few control concepts involving co-activation strategies were investigated. Mostly,
the focus was on fundamental research, and no approach can compensate for the effects of
muscle fatigue. In contrast, this thesis presents a joint angle control scheme that uses underlying
recruitment control to compensate for the effects of muscle fatigue in Chapter 6. An increased
level of co-activation is generated when switching in-between the muscles of the antagonistic pair
occurs.

Support of volitional muscle activities To allow a user-control by the residual volitional activity,
approaches that measure EMG from the stimulated muscle were proposed. Some of them trigger
pre-defined stimulation patterns, and others perform a linear modulation of the stimulation
intensity according to the intensity of the volitional activity. Triggered approaches do not support
arbitrary movements. Hence, proportionality-based approaches were proposed that, however,
tend to cause oscillations in the movements. To overcome these issues, this thesis presents
(Chapter 4) an approach that indirectly uses joint angle measurements to detect the volitional
activity and applies it to the support of weak arm elevation movements. Because of the hybrid
muscle activation, as described in the paragraph before, this control concept requires recruitment
control to compensate for the effects of muscle fatigue. A similar approach was already presented
for FES supported standing up before, however, relying on detailed models and without the
adaptation to muscle fatigue. Further, questions regarding the closed loops’ stability remain
unanswered.

Mathematical models that describe the muscle activation by FES- and a volitional contribution at
the same time (hybrid muscle activation) were not investigated by now. However, such models
might enhance the control of neuroprostheses that involve volitional contributions in combination
with FES. This thesis, therefore, presents a first attempt of such a model in Appendix A.
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Variable stimulation rates According to fundamental research, by a reduction of the stimulation
rate, the progression of muscle fatigue may be retarded. However, almost no control system,
neither feedback nor closed-loop, applies a modulation of the stimulation rate. One reason may
be the fact that changes in the stimulation frequency also require the control system to adapt its
update frequency. However, variable rate control is quite uncommon – also in other applications
of automatic control. As a starting point, this thesis, therefore, presents a basic framework for the
control of linear systems under variable sampling rates in Chapter 7.
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3
M U S C L E R E C R U I T M E N T C O N T R O L

( λ - C O N T R O L )

As described in the introduction of this thesis, the effect of FES in terms of, e.g., joint torque and
angle, is difficult to model and to predict (cf. Sec. 2.8). However, there is a direct / strong relation
between these values (torque/angle) to the muscular recruitment level that can be described by a
model (cf. Sec. 2.6). Thus, the main difficulty remains in modeling and predicting the muscle
recruitment level that strongly depends on muscle fatigue and many other factors. The relation
between the stimulation intensity and the muscle recruitment is typically described by a nonlinear
static function that is often identified (or parts of it) in advance to any further calibration or
control activities. However, parameters do change as muscle fatigue progresses and a degrading
model-performance is typically observed.

Instead, in the recruitment control method presented in this chapter, the stimulation-evoked
EMG (m-wave) is used to obtain an indicator of the muscle recruitment level λ. This indicator
is estimated by evaluating the m-wave’s intensity in terms of the one-norm taken within a
specific window of the EMG signal. For each stimulation pulse, this yields an estimate λ̂ of
the recruitment level. A closed-loop control system then adapts the stimulation intensity such
that a given reference rλ̂ for the motor unit recruitment is tracked. This allows for the precise
adjustment of the muscular recruitment. As the highly non-linear recruitment function is covered
by the closed loop, its influence and hence also the influence of muscle fatigue to the actual
recruitment is compensated. Only a rough estimate of the initial slope of this function within its
linear part is required to design the controller.

An upper-level control system (feedback or feedforward) may then directly adjust the muscular
recruitment instead of the stimulation intensity, the impact of which on contraction strength is
difficult to predict. Therefore, a more precise control of the joint torque or the angular motion
becomes possible.

In this chapter, a digital filter algorithm to evaluate the m-wave’s intensity is presented. Filter
parameters are determined by an optimization procedure that improves the overall degree of
linearity between the estimated recruitment level λ̂ and the stimulation effect in terms of the
joint angle while keeping a good signal to noise ratio of the estimate λ̂. Further, the recruitment
controller and its design using sensitivity functions are presented. The control system was
implemented to obtain a fully automated calibration routine without user interaction. To be
able to monitor volitional activity during the calibration procedure and in other neuro-prosthetic
systems presented in ongoing chapters of this thesis, a digital filter for estimating the voluntary
EMG activity is further introduced.

Using the developed set-up, a study involving five healthy subjects was performed in which the
calibration routine and the subject-adapted control system was statistically evaluated. Results
showed a higher degree of linearity for the controlled recruitment level – angle relationship in
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comparison to the non-controlled stimulation intensity – angle relationship. The fact also holds
true in the presence of muscle fatigue whose effects were compensated. Further, significantly
smaller errors were obtained in generating desired angles.

Additionally, the automated calibration routine and the controller were successfully tested in two
stroke patients with an incomplete paralysis in the shoulder elevation. Further, like in healthy
subjects, an increased degree of linearity was observed.

The methods and results presented in this chapter have been previously published as listed below.

• The initial idea of recruitment control along with first results and an application wherein
the elbow joint angle was controlled is presented in

[85] C. Klauer, J. Raisch, and T. Schauer. “Linearisation of electrically stimulated muscles
by feedback control of the muscular recruitment measured by evoked EMG”. in: Proc.
of the 17th International Conference on Methods and Models in Automation and Robotics 2012.
Międzyzdroje, Poland: IEEE, 2012, pp. 108–113. isbn: 978-1-4673-2124-2. doi: 10.1109/
MMAR.2012.6347902.

• First results showing the characteristics of the recruitment function as well as the compensa-
tion of muscle fatigue are presented in

[84] C. Klauer, J. Raisch, and T. Schauer. “Feedback Control of the Electrical Stimulation
Induced Muscular Recruitment Determined by the Evoked Electromyogram”. In: Biomedical
Engineering / Biomedizinische Technik 57.Suppl. 1, Track-F (2012), pp. 639–639. issn: 1862-278X.
doi: 10.1515/bmt-2012-4417.

• Further results on the compensation of muscle fatigue along with an application to control
the foot elevation to be used in a drop foot correcting neuro-prosthesis [115] are given in

[83] C. Klauer, J. Raisch, and T. Schauer. “Advanced Control Strategies for Neuro-Prosthetic
Systems”. In: Proc. of the 4th European Conference on Technically Assisted Rehabilitation - TAR
2013. Berlin, Germany, 2013.

• The ability of recruitment control to reliably produce joint angles for the arm elevation is
demonstrated in one healthy subject. Further, a control system to be used in therapy for the
rehabilitation of stroke patients involving voluntary and FES-induced muscle contractions
is presented. This work was mainly performed by third-party researchers who applied and
verified the proposed recruitment control method:

[9] E. Ambrosini, T. Schauer, C. Klauer, A. Pedrocchi, G. Ferrigno, and S. Ferrante. “Con-
trol system for neuro-prostheses integrating induced and volitional effort”. In: IFAC-
PapersOnLine. 9th IFAC Symposium on Biological and Medical Systems BMS 2015, Berlin,
Germany, 31 August-2 September 2015 48.20 (2015), pp. 327–332. issn: 2405-8963. doi:
10.1016/j.ifacol.2015.10.160.

• A significant improvement was introduced by an optimization procedure to determine filter
parameters and a design procedure for the recruitment controller yielding the ability of a
fully automatic adaptation of the system to the individual subject. Further, for the shoulder
abduction, the compensation of muscle fatigue effects and the improvement of the degree
of linearity for the λ̂ – elevation joint angle relationship were shown in a study involving
five healthy subjects. Further, recruitment control was successfully verified in one stroke
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patient with an almost complete paralysis in the shoulder elevation in

[80] C. Klauer, S. Ferrante, E. Ambrosini, U. Shiri, F. Dähne, I. Schmehl, A. Pedrocchi, and
T. Schauer. “A patient-controlled functional electrical stimulation system for arm weight
relief”. In: Medical Engineering & Physics 38.11 (2016), pp. 1232–1243. doi: 10.1016/j.
medengphy.2016.06.006.

• To improve recruitment control for two muscles or muscle parts close to each other (e.g., in
antagonistic muscle pairs), an extension to two-channel recruitment control was presented
and tested in one healthy subject in

[93] C. Klauer and Schauer T. “Two-Channel Muscle Recruitment (λ)-Control using the
Evoked-EMG”. in: Proc. of the 20th Annual International FES Society Conference 2016. La
Grande Motte, France, 2016.

Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. 3.1 to Sec. 3.6 are based on [80] slight modifications of the text
and the figures were performed. Further, results for a second stroke patient were added.

Sec. 3.7 is partially based on [93]. The text describing the calibration procedure was added.

3.1 System Overview

The experimental set-up used to develop the recruitment control method is shown in Fig. 21.
Herein, FES is applied to the medial part of the deltoid muscle using a current-controlled
stimulator (Rehastim I, Hasomed GmbH, Germany) and self-adhesive electrodes (ValuTrode R⃝

CF4090 (4x9 cm), Axelgaard Manufacturing Co., USA). A stimulation frequency of 25 Hz is used
and corresponds to the sampling frequency of the control system (with sampling index k). The
intensities of the electrical pulses are modulated in terms of the pulse charge Q that varies between
zero and the maximally tolerable charge Qmax. The control signal v[k] ∈ [0, 1] is the normalized
pulse charge. Current amplitude and pulse width are computed from v[k] using the charge
control method introduced in Sec. 2.4. The abduction angle ϑ[k] is measured at 25 Hz utilizing an
inertial sensor (MTx, Xsens Technologies B.V., The Netherlands). The electromyogram (EMG) is
measured from the stimulated muscle at 2048 Hz (sampling index i) using separate Ag/AgCl
electrodes (Ambu Neuroline 720, Ambu A/S, Denmark) and amplified using a multi-channel
signal amplifier (PortiTM, TMS International, The Netherlands). The EMG electrodes are placed
outside the stimulation electrodes, as indicated in Fig. 21. By filtering the EMG (sampled at
2048 Hz), the volitional muscle activity level γ̂[k] and the muscle recruitment level λ̂[k] of the
preceding stimulation period are obtained at stimulation frequency (cf. Sections 3.2.2 and 3.2.3).
The recruitment controller adjusts the stimulation intensity to produce a desired recruitment level
rλ̂[k].

On the placement of the EMG-electrodes The stimulation electrodes are placed at first such that a
good shoulder elevation is obtained for stimulation intensities not leading to significant discomfort.
Then, the EMG electrodes are placed outside of the stimulation electrodes within fiber direction.
The upper electrode should be placed on a bony part of the shoulder joint, if possible. The lower
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Figure 21: The control scheme for recruitment control, wherein FES is applied to the medial deltoid muscle.

should be placed below the deltoid. Herein, the assumption is that the placement of the electrodes
outside of the deltoid muscle yields less dependence of the EMG-measurement on fiber shifting.

Please note that procedure described above resulted from experience and was not determined in
a systematic evaluation. However, good results were obtained using this procedure.

3.2 EMG Signal Processing

The FES-evoked and the volitional muscle activities are monitored by EMG of the deltoid muscle.
The EMG is sampled at 2048 Hz yielding the raw EMG vector

EMGraw[k] =
[

EMGraw,1[k] · · · EMGraw,L[k]
]T

, L = 82,

for each stimulation sampling instant k. This vector captures a number of L = 82 EMG samples
of the preceding 40 ms inter-pulse interval (corresponding to 25 Hz stimulation frequency). As
indicated in Fig. 22, the beginning is aligned to the stimulation pulse and contains information
about the muscle activity related to the stimulus k − 1. It is assumed that the FES-evoked EMG
component (also called m-wave) is a time-variant signal in the mV-range while the volitional
EMG signal part is band-limited Gaussian noise in the µV range. To separate both information,
several signal processing steps need to be performed (adapted from [6] and [85]) as detailed in
the following sections.

3.2.1 Offset reduction

The offset in the raw EMG measurement is calculated by averaging the last three EMG samples of
a stimulation period over the last five stimulation periods. The averaging approach makes the
estimate furthermore robust with respect to volitional EMG in the same time window:

ˆEMGo f s[k] =
1

5 · 3

k−1

∑
j=k−5

L

∑
i=L−2

EMGraw,i[j]. (1)
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Figure 22: Evaluation of the m-wave to estimate the recruitment level.

No FES-evoked activity is expected in this time interval. Offset correction is then performed by

EMG[k] = EMGraw[k]− ˆEMGo f s[k]. (2)

3.2.2 Volitional EMG

The estimation of the volitional EMG during active FES requires the removal of the m-wave from
the EMG signal. In the chosen approach, the EMG vectors of the last six stimulation periods are
memorized. The best prediction of the currently measured EMG vector by a linear combination
of the previously memorized EMG vectors is then used as an estimate of the current m-wave13.
The corresponding coefficients of the linear combination are optimized by a linear least squares
approach at each stimulation period. Finally, the obtained estimate of the m-wave is subtracted
from the currently measured EMG vector to determine the volitional EMG component, which is
then evaluated utilizing the 1-norm. This separation approach works better for the second half of
the stimulation period wherein only the tail of the m-wave is contained.

This approach is adapted from [165, 6], and a detailed description of the procedure is given below.

Initially, the first 40 entries of the EMG measurement vector EMG[k] are set to zero to blank
stimulation artifacts and to remove the main part of the m-wave during each inter-pulse interval:

EMGVb[k] =
[
0T

40 EMG41[k] · · · EMGL−11[k].
]T

(3)

Herein, 040 is a zero vector of the dimension 40.

Then, the vector EMGVe[k], containing the FES-evoked EMG response (m-wave), for the non-
blanked sampling instants is estimated by applying the adaptive filter

EMGVe[k] =
[

EMGVb[k − 1] · · · EMGVb[k − M]
]
⎡
⎢⎢⎣

p̂V
1 [k]
...

p̂V
M[k]

⎤
⎥⎥⎦ , (4)

13Please note that the measured EMG does not only contain the m-wave but might also be the result of a superposition of
volitional EMG activity and the m-wave. Hence the actual m-wave must be estimated.
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wherein p̂V [k] =
[

p̂V
1 [k] . . . p̂V

M[k]
]T

is continuously determined by solving the following least
squares problem for each sampling instant k:

p̂V [k] = arg min
pV

[k]
⏐⏐⏐
⏐⏐⏐EMGVb[k]−

[
EMGVb[k − 1] · · · EMGVb[k − M]

]
pV
⏐⏐⏐
⏐⏐⏐
2

. (5)

According to the investigations in [6], the number of previous EMG vectors is set to M = 6.

A scalar measure of the volitional muscle activity of the preceding 40 ms inter-pulse interval at
sample k is obtained by taking the scaled 1-norm of the vector (EMGVb[k]− EMGVe[k]):

γ̂[k] = 1/(L − 50)
⏐⏐⏐
⏐⏐⏐EMGVb[k]− EMGVe[k]

⏐⏐⏐
⏐⏐⏐
1

.

Hence, the volitional EMG part is the residual part of EMGVb[k] that cannot be described by a
linear combination of memorized blanked EMG vectors.

3.2.3 FES-evoked EMG

Similar to the approach described in Sec. 3.2.2, an estimate of the m-wave is obtained by using a
linear combination of six previous EMG vectors. Then, the 1-norm is taken to obtain the intensity
of the estimated m-wave in a sub-window of the inter-pulse interval. A detailed description of
the procedure is given below.

To evaluate the m-wave, as shown in Fig. 22, the offset-removed EMG vector (Eq. (2)) is blanked
yielding

EMGEb[k] =
[
0T

N1
EMGN1

[k] · · · EMGN1+N2−1[k] 0T
L−N1−N2

]T
, (6)

whereby the parameters N1 and N2 determine window position and length, respectively. Analog
to the voluntary filter, the evoked EMG component is predicted by an adaptive filter

EMGEe[k] =
[

EMGEb[k − 1] · · · EMGEb[k − M]
]
⎡
⎢⎢⎣

p̂E
1 [k]
...

p̂E
M[k],

⎤
⎥⎥⎦ (7)

where p̂E[k] =
[

p̂E
1 [k] . . . p̂E

M[k]
]T

is continuously determined by solving the following least
squares problem for each sampling instant k:

p̂E[k] = arg min
pE

[k]
⏐⏐⏐
⏐⏐⏐EMGEb[k]−

[
EMGEb[k − 1] · · · EMGEb[k − M]

]
pE
⏐⏐⏐
⏐⏐⏐
2

. (8)

Then, the one-norm of EMGEe[k] yields the estimated muscular recruitment level

λ̂N1,N2 [k] =
⏐⏐⏐
⏐⏐⏐EMGEe[k]

⏐⏐⏐
⏐⏐⏐
1

.

The parameters N1 and N2 are adapted to the individual user by the optimization procedure
outlined in Sec. 3.4 yielding the optimal parameters N̂1 and N̂2. In the following sections, for
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simplifying the notation, the estimate of λ obtained for the optimal parameters is denoted by
λ̂ := λ̂N̂1,N̂2

.

3.3 Recruitment Control

λ̂base

λ̂max

λ̂

vulvthr vll

Θr,a

1

v

Figure 23: Muscular recruitment function including hysteresis and the used linear approximation for
the stimulation range [vll , vul ]. Further, λ̂base is the base level that occurs for stimulation not
leading to a muscle contraction. The maximally obtained value for λ̂ is called λ̂max, and vthr is
the stimulation intensity yielding the onset of muscle contraction.

To design the recruitment controller, a simplified, linear discrete-time model is assumed. It
describes the relationship between the stimulation intensity v and the estimated recruitment λ̂:

λ̂(k) = Θr,a q−1 v(k) + Θr,b + e(k), Θr,a > 0, vll ≤ v(k) ≤ vul . (9)

Herein, q−1 is the backward-shift operator (a(k)q−1 = a(k − 1)), and e(k) is white noise (variance
σ2

λ̂
, expected value is zero). This equation describes the linear, rising part of the non-linear

recruitment function shown in Fig. 23. The time delay of one sampling instant is introduced
because the estimate λ̂[k + 1] depends on the stimulation pulse v[k] applied for the previous
sampling instant k.

The parameters Θr,a and Θr,b are adapted by least squares to match recorded I/O data pairs
describing the linear part of the recruitment function. This dataset is obtained in a calibration
procedure outlined in Sec. 3.4.

cλ

1−q−1 Θr,a q−1
rλ̂ v

x

d

eλ̂

Figure 24: Recruitment controller applied to the nominal plant.

Frequency domain controller synthesis During control, the offset Θr,b of the linear model (9) is
treated as a part of the constant disturbance d (cf. Fig. 24).
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To control the nominal plant G(q−1) = Θr,a q−1, a discrete-time integrating controller is chosen:

K(q−1) =
cλ

1 − q−1 , cλ > 0.

The resulting closed-loop behavior (cf. Fig. 24) between the reference rλ̂ and the output λ̂ is
described by

T(q−1) =
GK

1 + GK
=

Θr,acλ q−1

1 + (Θr,acλ − 1) q−1 .

The control system is asymptotically stable and well damped if the root q∞ = 1 − Θr,acλ of the
closed-loop polynomial q + (Θr,acλ − 1) fulfills 0 < q∞ < 1, which is equivalent to 0 < Θr,acλ < 1.

To be able to adjust the noise transmission of the closed loop, the tunable parameter Tn describing
the noise amplification at the Nyquist-frequency is introduced. It is calculated using the comple-
mentary sensitivity transfer function T (defined as the transfer function between −e and x) that is
evaluated at the Nyquist frequency (q = ejΩ = −1, for Ω = π)14:

Tn = |T(q−1 = −1)| = | − Θr,acλ|
|2 − Θr,acλ|

=
Θr,acλ

2 − Θr,acλ
, f or 0 < q∞ < 1. (10)

This equation is solved w.r.t to cλ.

cλ =
1

Θr,a

2Tn

Tn + 1
. (11)

To obtain an asymptotically stable closed loop (0 < q∞ < 1 ⇔ 0 < Θr,acλ < 1), the tunable
parameter Tn must fulfill

0 < Tn < 1. (12)

The tuning parameter Tn is chosen such that the amplification of high frequent measurement
noise at the Nyquist-frequency with an amplitude σλ̂ (standard deviation of the noise e estimated
for the model (9) by Tn results in 1% of the maximal signal amplitude λmax:

0.01λmax = Tnσλ̂. (13)

By resorting Eq. (13) and inserting into Eq. (11) one obtains:

cλ =
1

Θr,a

2λmax

λmax + 100σλ̂

. (14)

This selection gives the fastest possible closed-loop behavior for the specified SNR at the Nyquist
frequency.

Anti-windup Since the actuation variable is bounded by v ∈ [0, 1] and because of the integrating
controller, an anti-windup strategy as shown in Fig. 25 is used to avoid undesired closed-loop
behavior in case of saturation [12].

14In this equation j denotes the imaginary unit.
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q−1

cλ

λ̂

vrλ̂
1

10

1

Figure 25: Recruitment controller with anti-windup strategy.

3.4 Autotuning of Recruitment (λ) Control

The proposed control concept needs to be adapted to the individual subject, electrode’s position,
and muscle condition. To minimize the requirement of manual controller tuning by the operator
of the system, an automatic calibration procedure is proposed in this section. It is carried out
prior to the activation of recruitment control in order to obtain the linear model of the recruitment
function and to tune the filter parameters N1, N2 as well as the controller parameter cλ.

3.4.1 Procedure

The calibration procedure consists of two phases shown in Fig. 26, wherein the subject is asked not
to intervene in the movement. During phase 1, the stimulation intensity is linearly increased from
zero up to the maximum tolerated value and the EMG data, EMGp1, as well as the corresponding
angle values, ϑp1, are recorded. From these data, the following values are calculated:

• ϑmin – the minimal angle when no FES is applied.

• vthr – the stimulation intensity leading to the onset of the FES-induced muscle contraction.
vthr is defined as the stimulation intensity corresponding to a λ̂ value slightly higher than
its baseline. This base-level is calculated by averaging λ̂ during a period in which no FES is
applied. Since the optimal parameters, N̂1 and N̂2 have not been estimated at this point of
the procedure, two valid values (N1 = 8 and N2 = 20) that generally capture the main parts
of m-waves are used to estimate λ̂.

• ϑsat – the stimulation intensity above which no significant joint angle increase occurs. vsat is
defined as the stimulation intensity leading to an angle equal to the 95% of the maximum
angle achieved, ϑmax.

During phase 2, the stimulation intensity is increased from vthr to vsat following a stair-wise
signal consisting of 10 intermediate steps and the EMGp2 and ϑp2 data are collected. These data
are used to optimize the parameters N1 and N2 as described in Sec. 3.4.2. After the optimal
parameters N̂1 and N̂2 are found, λ̂ is calculated for both phases 1,2. The data λ̂ and v obtained
during phase 1 are then used to identify the linear recruitment model. To assure that these
data belong to the linear range of the recruitment function, two additional values of stimulation
intensities are defined:

• vll (lower bound), corresponding to an angle equal to ϑmin + 0.3 · (ϑmax − ϑmin), and

• vul (upper bound), corresponding to an angle equal to ϑmax − 0.3 · (ϑmax − ϑmin).
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The subset containing Nrecr samples of data within the range v ∈ [vll , vul ] yields the dataset
(vrecr,i, λ̂recr,i, i = 1, 2, ..., Nrecr) that is used to identify the parameters Θr,a and Θr,b of the linear
recruitment model (cf. Fig. 23) described in Sec. 3.3.

Further, datasets describing the steady-state stimulation intensity – angle and recruitment level –
angle relationships are obtained from each stair during phase 2 as illustrated in Fig. 26 yielding
(λ̂cal,s, vcal,s, ϑcal,s). Herein, s = 1, 2, ..., 10 corresponds to increasing and s = 11, 12, ..., 19 to
the decreasing stairs. The obtained datasets are later used in Chapter 4 in the arm weight
compensation controller to obtain a static gain of a model describing the arm elevation (cf. 4.2).

phase 1 (8 s)ϑ

1
vsat
vul

vll
vthr

v

ϑmin

phase 1a

ϑcal,6

phase 2 (25 s)

ϑcal,2ϑcal,1

vcal,2

0.3 · (ϑmax − ϑmin)

λ̂

8 samples
mean of
λcal,6

ϑsat

ϑmax

k

k

k

0.3 · (ϑmax − ϑmin)

vcal,6

λ̂max

set Ωeval of sampling instants used for

data (vrecr,i , λ̂recr,i) used for
estimating the SNR in the optimization of the λ-filter

the estimation of the linear recruitment model

Figure 26: Calibration Experiment: During phase 1, a linearly increasing stimulation intensity is applied
up to the maximal tolerable intensity, and in phase 2, a staircase-wise increase and decrease
of the stimulation intensity are performed. The characteristic stimulation intensities vthr and
vsat obtained in phase 1 are used to parameterize the stimulation ranges in phase 2. The EMG
and joint angle data obtained during phase 2 are used to optimize the λ-filter and afterward λ̂,
the output of the optimal filter, is calculated. Finally, the dataset (vrecr,i, λ̂recr,i), used for the
identification of the linear recruitment model and the dataset (λ̂cal,s, vcal,s, ϑcal,s), describing
the static actuation to joint angle relationships, are extracted.
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3.4.2 FES-evoked EMG filter optimization

This phase aims to identify N1 and N2 assuring a high SNR of the estimated recruitment λ̂ and a
good linearity between λ̂ and the purely FES induced torque. Under the assumption of small
angles15, the elevation angle can be interpreted as an indirect measure of the joint torque when
the biomechanical system is in steady state.

In an optimization procedure, the estimated recruitment signal λ̂p2,N1,N2 is calculated from the
EMG dataset EMGp2 recorded during phase 2 for each possible combination of N1 ∈ [2, 20] and
N2 ∈ [1, 30], which captures the feasible values for window positions and lengths. Then, for each
signal λ̂p2,N1,N2 the SNR and a measure of linearity with respect to ϑp2 is calculated as described
in this section and finally the best parameters are selected.

Linearity between λ̂ and ϑ For the static relationship between λ̂ and ϑ a linear model of the form

ϑ = Θϑλ,N1,N2,a · λ̂N1,N2 + Θϑλ,N1,N2,b + eϑ (15)

is assumed. From the I/O dataset (λ̂p2,N1,N2 , ϑp2) one data pair is extracted for each stair s during
the stationary phases of the biomechanical system. Therefore, at the end of the constant phase
of each stair s, the joint angle ϑcal,s is obtained and further the mean value of λ̂p2,N1,N2 over 8

samples at the end of the constant phase is calculated yielding λ̂cal,s,N1,N2 as illustrated in Fig.
26. Using this dataset, the model parameters Θϑλ,N1,N2,a and Θϑλ,N1,N2,b are identified by least
squares. Then, the obtained model is used to compute the joint angles ϑ̂s,N1,N2 for each stair s,
which is then compared to the measured angles ϑcal,s by calculating the Normalized Root Mean
Square Error (NRMSE) that serves as a measure of linearity:

NRMSEN1,N2 =

√
1

Ns
∑Ns

s=1(ϑcal,s − ϑ̂s,N1,N2)
2

maxs ϑcal,s − mins ϑcal,s
, (16)

whereby Ns = 19 denotes the number of stairs.

Estimation of the signal to noise ratio (SNR) Since the noise-free signal for λ̂p2,N1,N2 is not available,
the signal component is estimated by applying a non-causal second-order Butterworth low-pass
filter with zero phase shift ( fcut = 75Hz) to λ̂p2,N1,N2 yielding λlp,p2,N1,N2 [k].

The estimated noise signal êλ̂ is then calculated by

êλ̂,N1,N2
= λ̂p2,N1,N2 − λlp,p2,N1,N2 . (17)

The power of the signal and the noise component are then evaluated based on the time series
λlp,p2,N1,N2 and êλ̂,N1,N2

respectively.

Because the filter introduces transients starting from both borders of the dataset (due to unini-
tialized initial values of the non-causal filter), 20 samples are skipped for the computation of
the signal power at each border respectively. Further, due to the steps in the excitation signal v,
frequency components even beyond the cutting frequency fcut are present in λ̂p2,N1,N2 actually

15In the experiments performed to evaluate this control concept as described in Sec. 3.6, the maximal joint angle elevation
was 52.2◦ ± 21.3◦.
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belonging to the signal component. No clean separation is possible with a low-pass filter for
these frequency components. Hence, the sampling instants of the time-series signal close to the
stepwise changes (6 samples before and after the step) are additionally not considered for the
calculation of signal and noise power. Finally, the calculation is only performed in the set Ωeval

including NΩeval samples (cf. Fig. 26). The signal power is calculated by

Ps,N1,N2 =
1

NΩeval
∑

i∈Ωeval

(λlp,p2,N1,N2 [i])
2. (18)

Similar, the noise power is then given by

Pn,N1,N2 =
1

NΩeval
∑

i∈Ωeval

(êλ̂,N1,N2
[i])2. (19)

Finally, the SNR is then calculated for each filter parameter variation by

SNRN1,N2 =
Ps,N1,N2

Pn,N1,N2

. (20)

Quality functions Both indicators SNRN1,N2 and NRMSEN1,N2 are combined in a quality function
in form of a weighted sum using a tunable factor pw to adjust the importance of the individual
measures:

JN1,N2 := pw ·(1 − NRMSEN1,N2)                                                
J1

+(1 − pw) ·
SNRN1,N2

maxN1,N2(SNRN1,N2)                                                      
J2

. (21)

Herein, the SNR is normalized to the observed maximum. Thus, for both sub-functions J1 and J2,
the optimal values describing the best SNR and the best linearity are represented by J1 = 1 and
J2 = 1, respectively. Hence, the comparison in the weighted sum is possible. A weighting factor
of pw = 0.9 is chosen, because a linear relationship is considered to be more important for the
later introduced arm weight support controller. To find the optimal compromise, the maximum
of JN1,N2 is obtained by varying the tunable filter parameters N1 and N2 yielding the optimal
parameters

[N̂1, N̂2]
T = arg max

N1,N2
JN1,N2 , whereby Ĵ = JN̂1,N̂2

. (22)

Please keep in mind that the notation of the optimal estimate is shortened to λ̂ := λ̂N̂1,N̂2
.

3.4.3 Recruitment controller parameterization

The estimated parameters Θr,a and Θr,b of the linear recruitment model and the standard deviation
σλ̂ of the noise are used to determine cλ by Eq. (14). Therefore, σλ̂ is estimated from the estimated
noise êλ̂,N̂1,N̂2

by

σλ̂ =

√
1

NΩnoise
∑

i∈Ωnoise

(µe − êλ̂,N̂1,N̂2
[i])2, µe =

1
NΩeval

∑
i∈Ωeval

êλ̂,N̂1,N̂2
[i]. (23)
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3.5 Validation of the Auto-Tuned Recruitment

Control

The performance of the auto-tuned recruitment control is compared to Direct Stimulation (DS).
To perform this comparison, a long-term test is designed in which single trials using either the
auto-tuned RC or the DS are repeated in an alternating fashion until significant muscle fatigue
occurs. During each trial j, a pre-defined sequence of 19 reference joint angles with s = 1, 2, . . . , 19
is used. For the first 10 references, a linearly increasing ramp between ϑmin and 0.95 · ϑmax is used,
while the last 9 references are chosen to decrease back to ϑmin with the same spacing. Using the
calibration dataset (λ̂cal,s, vcal,s, ϑcal,s) the stimulation intensities vs and the reference recruitment
levels rλ̂,s that theoretically lead to the joint angles ϑcomp,s are calculated. Successively, each of
these values is constantly applied for one second using DS and RC, respectively. For each trial j,
each stair s, and each control type (type ∈ {DS, RC}), the resulting steady-state joint angles ϑj,s,DS

and ϑj,s,RC caused by vs and rλ̂,s, respectively, are measured directly before the next stepwise
change in the actuation variable.

The following parameters were computed to compare DS and RC:

a) Linearity The degree of linearity was computed both during the RC calibration phase and
during the fatigue test. During calibration, the steady-state dataset (λ̂cal,s, vcal,s, ϑcal,s) was
analyzed comparing the degree of linearity obtained between the non-controlled direct stimulation
intensity vcal,s and the angle ϑcal,s and between the recruitment level λ̂cal,s and the angle ϑcal,s. For
each subject, linear models were identified for both relations and compared in terms of the fitting
coefficient of determination, denoted R2, and the normalized root mean squared error (NRMSE)
between the fitted line and the dataset values. During the successive trials of the fatigue test, given
that the 5 subjects performed a different number of trials before fatigue occurred, a mean degree
of linearity was computed for each subject and was assessed by the coefficient of determination
R2. Only steps in which the stimulation intensity was not saturated were considered for the
recruitment controller. To maximize comparability across subjects, before applying the linear
fitting, the measured angles ϑj,s,type were normalized to their overall minimum ϑ and maximum
ϑ value obtained in each subject:

ϑnorm,j,s,type = (ϑj,s,type − ϑ)/(ϑ − ϑ). (24)

b) Fatigue To evaluate the effect of muscle fatigue, the mean value of all normalized joint angles
for the rising part16 of the staircase is calculated:

Mj,type = 1/10 ·
s=10

∑
s=1

ϑnorm,j,s,type, for type ∈ {DS, RC}. (25)

For both actuation types, the decaying of Mj,type with respect to the trial number j is described by
the model

M̂j,type = Fa,type j + Fb,type. (26)

16The decreasing part is not considered in this analysis as hysteresis effects that are difficult to predict may be additionally
present. They would introduce a higher variance to the evaluation of fatigue.
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The estimated drop of the mean angle after 8 trials is given by

DROP8,type = 1 − M̂8,type/M̂1,type, type ∈ {RC, DS}.

c) Hysteresis For each trial j and for both controller types, the difference between the normalized
joint angles obtained during the increasing stair-case except the last (s = 1, 2, ..., 9) and the
respective angles caused by the same actuation level during decreasing stair-case is calculated.
The absolute values of these differences were summed up and used to describe the intensity of
the hysteresis as follows:

Hj,type =
i=9

∑
i=1

|ϑnorm,j,i,type − ϑnorm,j,10+9−i,type| (27)

d) Angle error For each stair s and each trial j, the error between the measured normalized angles
and the desired value was calculated by

ϑnorm,e,j,s,type = ϑnorm,r,comp,s − ϑnorm,j,s,comp,type. (28)

The mean value and standard deviation of ϑnorm,e,j,s,type over all trials j and stairs s was then
determined to describe the ability of the DS and RC in generating the desired angles for longer
time periods.

To compare the performance of both approaches (DS and RC) separate Wilcoxon signed-rank
tests were performed on the linearity evaluated in terms of R2, the fatigue measured in terms of
angle drop after 8 trials, the mean angle error, and the hysteresis indexes.

3.6 Results

Investigations were performed in five healthy male subjects (S1 to S5, age 32.8 ± 5.7 years).
Further, two acute stroke patients P1 (81-year-old male, 6 days after infarct, with a strong paresis
in the arm elevation and completely lost hand functions) and P2 (75-year-old male, 4 days after
infarct, with partial paralysis) participated in the study17. The trials have been approved by the
ethics committee of the Berlin Chamber of Physicians (Ärztekammer Berlin)18.

Tests for the comparison of DS and RC are carried out on healthy subjects19 who are asked not to
intervene in the movement voluntarily. The test to analyze the influence of muscle fatigue and the
weight compensation, tests were performed on different days for the healthy subjects, whereby
the calibration procedures were performed directly before each test, respectively. Further, tests

17Inclusion criteria were post-stroke, degree of muscle strength ranging from M2 to M3 (incomplete movements against
gravity), and Ashworth scale ranging from 0 to 2 (only slight spasticity).

18Ethics Approval was given by the ethics committee of the Berlin Chamber of Physicians (Ärztekammer Berlin).
Eth-25/15.

19In the conduction of the experiments yielding the results described, later on, healthy subjects were preferred in this
investigation as long-lasting tests must be performed aiming to exhaust muscle fatigue. The restriction to healthy is
because, only one clinical session (Session: One continuous time-slot typically lasting from 30 to 60 minutes during
which the neuroprosthesis can be donned, calibrated, and tested.) with limited time was available in the investigations
with stroke patients. The feasibility of the calibration routine, the controller design, and the performance of recruitment
control, however, was tested in two stroke patients
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Figure 27: a) Shown are the m-waves obtained during phase 2 (cf. Fig. 26) of the calibration procedure for
the stroke patient P1. Further, the red bar visualizes the optimal window for the evaluation of
the m-waves. To improve the visibility of the m-waves, only the first 60 samples are shown. b)
A plot of the computed quality function JN1,N2 is given.

for demonstrating the feasibility of the calibration routine and the control performance were
performed in both stroke patients.

The results of the calibration procedure, directly performed before the fatigue test, are summarized
in Tab. 2. For the stroke patient P1, details on the optimization procedure are shown in Fig. 27.
Herein, the measured m-waves during phase 2 of the calibration experiment are shown along with
the optimal window for evaluating the m-wave intensity. Further, the computed quality function
JN1,N2 is shown. To demonstrate the typically achievable controller performance, a recruitment
control test was performed for patient P1 in which pre-defined test patterns for the reference
recruitment rλ̂ were applied. The time series results given in Fig. 28 show that the recruitment
level closely matches the given reference, whereby only a slight delay of a few sampling-instants
can be observed. Detailed results for the determined stimulation intensity – angle as well as λ̂

– angle relationship are shown in Fig. 29 for the stroke patient P1 and one healthy subject, as
representative. Across subjects, the optimization procedure yielded widely spread parameters N1

and N2 indicating the need for adaptation to the individual. In all cases, the degree of linearity in
terms of the NRMSE has been significantly improved (on average by 41%) when considering the
λ̂ – angle relation.

Results of the fatigue test (long-term comparison of DS and RC) are summarized in Tab. 3 for all
healthy subjects. Reported are the hysteresis over all trials, the drop of the mean abduction angle
over eight trials (6 min of active FES)20, the measure of linearity (R2) for the actuation variable –
angle relation, and the mean error between the desired angles and actually achieved angles.

20This calculation is based on a linear model approximation of the trial j – Mj,type relation.
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Figure 28: Time series results for single channel recruitment control performed on the stroke patient P1. In
some occasional instances, e.g., around 24 s, spikes in the recruitment time series are observable.
These unwanted artifacts were caused by jitter in the USB-based data transmission from the
EMG-measurement device. However, they did not harm the control systems performance to a
significant degree.
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Figure 29: A comparison of the achievable degree of linearity for the stroke patient P1 (left) and the
subject S4 (right) is shown. The linear regressions for the vcal,s – ϑcal,s and the λ̂cal,s –ϑcal,s
relationship are shown. In case of the λ̂ – angle relationship, the normalized RMS error has
been significantly improved. All signals in the plot are normalized to the observed minima and
maxima of the analyzed dataset.

A Wilcoxon signed-rank test showed that the use of recruitment control significantly improved
linearity (R2, Z = −2.023, p = 0.043 ), fatigue (DROP8, Z = −2.023, p = 0.043), and reduced the
mean angle error (Z = −2.023, p = 0.043) with respect to the non-controlled direct stimulation.

The decrease of the mean abduction angle Mj,type is visualized in Fig. 30 together with the
identified linear models. Fig. 32 exemplarily shows the results of the first and the last trial for
subject S4. A significantly reduced average joint angle due to muscle fatigue can be observed
in the last trial using DS. Using DS, a rapid progression of muscle fatigue is observed. In case
of RC, the effects of muscle fatigue have been well compensated. The compensation is possible
until the maximally tolerable stimulation intensity is reached. Further, Fig. 31 exemplarily shows

Table 2: The results of the filter optimization for neurologically intact subjects (S1 to S5) and the stroke
patients P1 and P2 are shown. The linearity of the actuation variable – angle relation is captured
by the NRMSE and R2 values for v and λ̂ as input arguments, respectively.

Subject N1 N2 NRMSE NRMSE R2 R2 SNR, Angular Max. intensity:
v → ϑ λ̂ → ϑ v → ϑ λ̂ → ϑ (SNR [dB]) range current [mA],

[◦] pulse width [µs]
S1 8 23 0.145 0.082 0.853 0.953 2798, (69) 40.23 54, 270

S2 6 8 0.128 0.082 0.89 0.954 5329, (74.5) 35.99 38, 186

S3 7 13 0.131 0.072 0.892 0.967 6966, (76.8) 73.73 38, 181

S4 3 17 0.139 0.077 0.848 0.953 10450, (80.4) 46.76 52, 272

S5 5 13 0.114 0.075 0.893 0.954 7472, (77.5) 77.94 56, 282

P1 6 18 0.116 0.071 0.914 0.968 14014, (82.9) 23.69 62, 326

P2 6 26 0.092 0.035 0.943 0.992 11485, (81.2) 71.14 59, 304

Mean 5.85 16.8 0.124 0.071 0.89 0.96 8359 52.8 51.3, 260

Std 1.57 6.2 0.018 0.016 3850 21.3 9.6, 55.9
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Table 3: The comparison of non-controlled direct stimulation (DC) and recruitment control (RC) is shown.
Analyzed are the static stimulation intensity – angle and recruitment level – angle relations
which are obtained by ramping up and down repeatedly the stimulation intensity and the desired
requirement level, respectively.

Non-controlled direct stimulation (DS) Recruitment control (RC)
Subject Hysteresis Linearity DROP8 Angle error [%] Hysteresis Linearity DROP8 Angle error [%]

(mean±std) (R2) [%] (mean±std) (mean±std) R2 [%] (mean±std)
S1 18.08 ± 6.19 0.74 27.8 13.1±7.0 14.29 ±2.53 0.90 -4.9 -6.06±11.33

S2 8.38 ± 5.82 0.78 55.1 9.8±12.6 6.83 ±5.80 0.92 11.8 -2.71±3.84

S3 8.85 ± 5.81 0.74 57.0 13.2±14.2 7.04 ±2.45 0.93 -17.6 1.08±5.56

S4 7.29 ± 0.94 0.78 41.7 25±8.8 4.88 ±1.85 0.97 9.1 9.2±5.12

S5 3.37 ± 0.74 0.90 29.0 11.8±6.0 4.56 ±1.02 0.94 -0.5 -0.04±3.84

Mean 9.2 0.79 42.11 14.6 7.52 0.93 -0.42 0.23

Std 5.41 13.83 9.7 3.94 11.7 5.8

the positioning error (angle error) between target angle and measured angle for all trials. In case
of recruitment control, a more precise and reliable positioning was possible as indicated by the
smaller values for mean and variance.

Regarding the joint angle hysteresis, slight improvements can be observed in four of five subjects.
However, they are not statistically significant (Z = −1.753; p = 0.08). The observed hysteresis
effects are assumed to be mainly caused by nonlinear elastic joint moment effects and reflexes
and only to a small extent by the FES-induced muscle activation itself. Only the latter can be
compensated by the RC.

Although the effects of recruitment control on the static behavior have been intensively studied,
the dynamic behavior, e.g., the reference-tracking performance, has not been statistically evaluated.
However, for all tested persons, time-series plots show a precise tracking (no stationary control
error) of the desired recruitment with low delay (typically rise times of 3 to 8 sampling instants
have been observed), which is sufficient for the neuroprosthetic systems developed within this
thesis.

Hence, the increased effort introduced by the additionally required EMG measurements (both
in donning more electrodes and in using additional devices) is appropriate for the benefits
achieved by the recruitment control. Furthermore, the availability of EMG measurements allows
to estimate the voluntary contribution online, which can be provided as a feedback to the patient
to improve his/her performance or can be used to monitor a therapy’s efficacy. The set-up might
be simplified when an EMG-measurement via the stimulation electrodes becomes feasible. First
solutions for the assessment of volitional muscle activity are described in e.g. [166] and [183].

3.7 Two-channel Recruitment Control

The application of contemporaneous multi-channel recruitment control to muscles close to
each other is difficult as strong cross-talk effects are present in the EMG measurement and
the individual m-waves cannot be distinguished. To deal with the problem of crosstalk in a
two-channel set-up, it is proposed to apply stimulation pulses not synchronously but alternately
for both stimulation channels. In turn, the respective m-waves appear non-overlapped in the
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Figure 30: Exemplary results of the fatigue comparison test for subject S4 are shown. For both control
types and each trial j, the fatigue indicators Mj,DS and Mj,RC (normalized mean stationary
angles of the rising part of the staircases) have been calculated respectively. As the number of
trials increases, a significant decrease of the joint angle is observed, when using uncontrolled
stimulation (DS). In case of λ-control, however, the effect of muscle fatigue is compensated to a
large extent.
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Figure 31: Exemplary results of the angle error for subject S4.
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Figure 32: Exemplary results of the first and the last trial of the fatigue comparison test for subject S4.
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measured EMG. This time-shifting, however, limits the maximal rate at which stimulation pulses
are applied, as the time-windows during which the m-wave is evaluated may get too short for
fast stimulation rates. The developed control system is exemplarily applied to the medial and
anterior deltoid as it is clinically relevant to support entirely or partially paralyzed arm elevation
movements.

3.7.1 Experimental set-up

The experimental set-up as used for single channel recruitment control (cf. Sec. 3.1) is extended
as shown in Fig. 33. Herein, FES is applied to the anterior (channel A) and the medial (channel B)
part of the deltoid muscle, and the measured EMG21 is processed by two digital filters to estimate
the normalized muscular recruitments λ̂A and λ̂B, respectively. The stimulation intensities vA

and vB describe the pulse-charges normalized to the respective maximal tolerated values. Two
feedback controllers adjust vA and vB respectively, such that the desired recruitment levels rA

λ̂
and rB

λ̂
are realized.

recruitment (λ)
controller

recruitment (λ)
controller

λ-estimation
filter

λ-estimation
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Figure 33: Experimental set-up for two channel recruitment control.

3.7.2 Time-multiplexed stimulation and EMG-measurement

When applying stimulation pulses to each muscle part simultaneously, both individual responses
typically overlap as they are simultaneously generated by the recruited motor units of both
muscle parts. A separation of the individual m-waves using decoupling strategy is difficult as,
e.g., crosstalk gains must be calibrated in advance. Further, perfect decoupling is hard to achieve.
To reduce calibration effort, a strategy in which both muscle parts are stimulated in an alternating
fashion as illustrated in Fig. 34 is proposed: After one muscle part is stimulated, the decay of
the corresponding m-wave is awaited. The duration of the individual m-waves NA

W [k] and NB
W [k]

are introduced in Fig. 34. Herein, k denotes the sampling instant of the control system. Then,
the other part is stimulated. This strategy causes the respective m-waves to appear in different

21Please note that for the recording of EMG, only one channel is required and used as the closeness of both deltoid-
portions allows detecting the m-waves induced by both stimulation channels. An EMG-recording from both muscles is
also possible, of course, and may improve the estimation of the individual λ̂-values.
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Figure 34: Time-multiplex stimulation and measurement of the FES-evoked EMG. The actually measured
EMG-signal is the superposition (not shown in this figure) of the individual contributions of
both muscle portions shown by the black and green curves, respectively.

time-windows and hence, overlapping is minimized. The calibration routines of the separated
recruitment controllers are also performed for each channel A and B separately.

The proposed strategy then records the m-waves starting directly after each stimulus during each
sampling instant k for both channels A and B. Data are stored in the EMG-measurement vectors
EMGA[k] and EMGB[k] containing NA

p and NB
p EMG-samples for channel A and B, respectively.

The index i denotes the sampling instance for EMG-recording EMGA
i [k] stored in the vector

EMGA[k] (analog for channel B). The calibration routines of the separated recruitment controllers
are then performed for each channel A and B separately.

In this approach, the corresponding inter-pulse time-periods measured in EMG samples NA
p and

NB
p must be large enough such that the overlap of both m-waves does not significantly influence

the operation of the individual recruitment control loops. Please recap that the intensity of the
m-wave is evaluated only in a window whose position and the duration is determined by the
parameters NA

1 , NB
1 and NA

2 , NB
2 (cf. Sec. 3.2.3). Hence, it must be ensured that m-waves, whose

durations are NA
W [k] and NB

W [k], do not overlap with the window used for the evaluation of the
succeeding m-wave appearing on the other channel.

A short calibration procedure is needed to determine the maximal m-wave durations for both
channels and, hence, to determine feasible inter-pulse intervals NA

p and NB
p that do not cause m-

wave overlapping. Therefore, using fixed inter-pulse intervals NA
p = NB

p = 2048/(2 · 20) ≈ 5122,
two tests are performed in which is the stimulation intensity of the respective channels is increased
up to the maximum. Herein, EMG data are recorded and stored in the vectors EMGA

p̂1[k] and
EMGB

p̂1[k] for each channel A and B, respectively. This test equals the one performed in phase 1

of the calibration of the recruitment controllers later on. However, the inter-pulse intervals are
different.23

Then, the amplitudes AA
W and AB

W between the maximum and minimum of each m-wave (cf. Fig.
26) contained in the vectors EMGA

p̂1[k] and EMGB
p̂1[k] (the datasets obtained during the calibration

for each channel A and B, respectively), are calculated for each m-wave in the inter-pulse interval

22The dependency of the m-wave’s shape, e.g., in terms of the amplitude is assumed to be independent of the duration of
the inter-pulse interval. Hence, a standard stimulation frequency is applied in this first test.

23The muscle activation and, hence, also the arm elevation depends on the stimulation frequency. As the relation
between the obtained arm elevation and the stimulation intensity is important in the calibration of recruitment control,
separated tests are needed.
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k:

AA
W [k] = max

i
EMGA

p̂1,i[k]− min
i

EMGA
p̂1,i[k], AB

W [k] = max
i

EMGB
p̂1,i[k]− min

i
EMGB

p̂1,i[k]. (29)

Then, the maximally observed amplitudes are calculated by

AA
W [k] = max

k
AA

W [k], AB
W [k] = max

k
AB

W [k]. (30)

As the decaying m-wave in the inter-pulse interval k enters a band between −0.05AA
W [k] and

+0.05AA
W [k], the duration NA

W [k] is obtained (and analog in case of channel B). The maximal

durations observed for all sampling instants are then calculated yielding NA
W = maxk NA

W [k] and

NB
W = maxk NB

W [k].

To prevent overlapping, the durations of the inter-pulse intervals NA
p and NB

p are constrained to a

minimum depending on the maximal durations of the m-waves NA
W and NB

W by the conditions

NA
W < NA

p + NB
1 , NB

W < NB
p + NA

1 . (31)

Hence, also the effective stimulation frequency

fe f f :=
2048

NA
p + NB

p
Hz (32)

is introduced that describes the combined inter-pulse intervals of both channels and, thus, refers
to the stimulation frequency equivalent to the case of synchronous recruitment control.

The inter-pulse intervals leading to the maximally possible effective stimulation frequency f ∗e f f
are then given by

NA∗
p = NA

W − NB
1 , NB∗

p = NB
W − NA

1 . (33)

In further investigations in five healthy subjects (not included in this thesis), the maximally
achievable effective frequency was determined for each subject [93]. Herein, f ∗e f f was at least
26 Hz for each subject, which is well sufficient to most applications.

3.7.3 Experimental validation of two-channel control

Two-channel recruitment control was applied to one healthy subject and electrodes were placed
as shown in Fig. 35.

Please note that for this first test, instead of the minimally possible inter-pulse intervals (Eq.
33), fixed timing parameters for the inter-pulse intervals NA

p = NB
p = 2048/(2 · 25) ≈ 41 were

empirically chosen yielding the effective stimulation frequency fe f f = 25 Hz. The duration of
these inter-pulse intervals is long enough to prevent overlapping in the evaluated ranges. Using
the time-multiplexing stimulation and EMG-measurement, both recruitment controllers were
calibrated separately following the procedure described in Sec. 3.4.1, while the stimulation
intensity for the opposite channel was zero.

In a control test, the reference trajectories for rA
λ̂

and rB
λ̂

were chosen to excite both muscles
concurrently. Time series results are given in Fig. 36. In case of channel B, tracking performance
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is comparable to the single channel case. In case of channel A, the performance is lower – slight
oscillations can be observed, though they had no significant influence on the joint angle. The
reasons for this behavior are unclear, however. The oscillations may potentially be reduced by
slightly decreasing the controller gain cA

λ̂
.

IMU

EMG elec-
trodes

stimulation

electrodes

(ch. A)

stimulation

electrodes

(ch. B)

Figure 35: Electrode-placement for two channels: FES is applied to the anterior- (channel A) and the
medial deltoid (channel B). The acquisition of EMG is performed by one pair of electrodes
placed outside of the stimulation electrodes. This one-channel measurement captures the evoked
potentials by both muscle portions.

3.8 Conclusions

To improve FES-induced muscle activation with respect to muscle fatigue and the degree of
linearity, feedback control of the muscular recruitment state estimated by EMG measurements was
proposed. To maximize the degree of linearity, an optimization procedure that adjusts two filter
parameters in the estimation of the recruitment level has been proposed. In experimental tests
in five healthy subjects, a significant improvement of linearity when comparing the stimulation
intensity – angle and recruitment level – angle relationship is shown. Further, the compensation
of the effects of muscle fatigue is shown: In a comparative test, after 6 minutes of active FES, the
average joint angle dropped by 44% ± 14% in case of non-controlled FES compared to 0% ± 12%
in case of recruitment controlled FES in average for all subjects. Although healthy subjects were
asked to remain passive when stimulation was active, similar tests should be repeated on a
significant sample of stroke patients to verify if the same results are also achieved in subjects with
a compromised sensory-motor pathway. The feasibility tests performed in two stroke patients
already showed encouraging results on the applicability of the proposed controller.

To allow recruitment control of two neighboring muscles, an extension of recruitment control
for two-channel FES has been investigated. Normally, strong cross-talk effects are present that
hinder the proper evaluation of the m-wave’s intensities for synchronous stimulation. To avoid
this overlapping of the individual m-waves, a time-multiplexed stimulation approach to was
suggested. The control of two muscles may be performed with one pair of EMG electrodes,
which is advantageous considering the effort for electrode placement. The proposed two-channel
recruitment control approach was successfully tested in one healthy subject. Herein, the calibration
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Figure 36: Time series results for two-channel recruitment control in a healthy subject at 25 Hz are shown.
Parameters are NA

1 = 2, NA
2 = 16, NB

1 = 7, NB
2 = 6, cA

λ̂
= 0.01, and cB

λ̂
= 0.0049.
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routine designed for the single-channel case can still be used by applying it to each channel
separately. The feasibility of recruitment control under the maximal effective stimulation frequency
obtained in the calibration procedure must be evaluated in further investigations, however. An
extension to three or more channels is difficult as the maximally achievable stimulation frequency
significantly degrades as the number of stimulated channels increases. The volitional component
of the EMG must be evaluated in a range in which the m-wave’s amplitude is low compared
to the amplitude of the volitional EMG (cf. Sec. 3.2.2). Please note that in this approach, the
estimation of the volitional activity becomes difficult as the inter-pulse stimulation intervals
become too short (only containing the main parts of the m-wave) such that no sufficiently large
range meeting the above requirement is available under reasonable stimulation frequencies.

The single channel recruitment control approach is applied to a neuroprosthesis for the support
of weak residual muscle activity in the shoulder elevation in Chapter 4. As a hybrid muscle
activation (volitional and stimulation evoked) is performed, the compensation of the effects of
muscle fatigue relies on recruitment control (cf. Sec. 2.8.2). Further, to tune the neuroprosthesis,
no additional parameter identifications routines must be performed as all needed parameters can
be obtained from the data that is already collected during the calibration of RC.

Finally, RC is further applied to a control system for joint angle control in antagonistic muscle
pairs described in Chapter 6. In the conducted experiments, an older revision of RC was used
that does not perform the optimization of the filter parameters N1 and N2, however. Instead, a
fixed window was chosen.
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4
PAT I E N T- C O N T R O L L E D N E U R O - P R O S T H E S I S

F O R A R M W E I G H T R E L I E F

In patients suffering from neurological impairments, often the volitional muscle activity is
weakened leading to reduced motor functions that may hinder functional movements. To support
small residual voluntary forces, functional electrical stimulation (FES) can be applied to the
corresponding muscles for gaining additional force. In this chapter, a patient-driven control
strategy, similar to that reported by Riener and Fuhr [149], which amplifies volitionally-initiated
movements, is proposed to improve stroke patients’ rehabilitation and to enable daily live support.
The system is intended to support movements acting against gravity and is exemplarily applied
to support the shoulder elevation in stroke patients by stimulating the medial deltoid muscle.

Based on the measured elevation angle, a FES-induced muscle recruitment is generated that yields
a pre-specified percentage (support factor) of this angle – yielding an arm weight relief. With
that, less residual voluntary activity is required to perform functional tasks, while precise motor
control is still possible. The amount of support may be adjusted by the user, the physiotherapist,
or the caregiver by varying the support factor. The proposed neuro-prosthesis is intended for
trial-based training for motor re-learning in therapy as well as for daily-live support in form of a
wearable device.

In the proposed control system, the muscle is activated by stimulation and voluntary activity at
the same time. This hybrid activation makes it difficult to determine the effect of FES by solely
observing the occurring joint angle. Hence, and to obtain a system that is robust against muscle
fatigue and uncertain muscle activation, underlying recruitment control as described in Chapter
3 is applied. In an outer level cascade, a proportional control with positive feedback of the joint
angle is used to amplify the effects of weak voluntary contributions. The obtained weight support
is theoretically investigated, and stability conditions are presented. Further, the control scheme
was implemented, whereby all required parameters are derivable from the data already obtained
by the calibration routine of the recruitment control system. In a study with five healthy subjects,
which had to perform a tracking task for different support factors, the needed voluntary activity
was obtained by EMG measurements. Results show a significant decrease of the voluntary effort
as the support factor increases. Over all subjects, a maximal mean reduction of the volitional
effort by 78% was achieved compared to angular tracking without FES-support.

First successful experiments with two acute stroke patients are, further, reported. For one patient,
the reachable range of motion was significantly extended. For the other patient, a complete
restoration of arm-functions was possible.

Further investigations consider the automatic tuning of the presented control scheme: The
support-level strongly influences the closed loop’s behavior especially for percentages close to
100% and, therefore, must be carefully chosen to meet the patient’s requirements. Because of
parameter variations, this value cannot be precisely pre-computed in an automatic calibration
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procedure. Therefore, the clinician must perform a manual trial and error based approach to find
out a suitable support factor. Hence, such an iterative procedure is systematically automated by
an adaptive trial-to-trial based learning procedure to iteratively realize a given level of volitional
amplification24 is presented.

During each trial, the algorithm obtains measurements of the volitional activity utilizing Elec-
tromyography (EMG) and the joint angle. After the arm returns to its rest position, the achieved
amplification of the volitional activity is estimated. An integral controller combined with a
non-linear output transformation then updates the support factor for the next trial aiming to
realize the desired volitional amplification. The closed loop with the adaptive controller is robust
asymptotically stable. In two tests performed on a healthy subject, the desired level of volitional
amplification was reached within 3 to 5 trials demonstrating the feasibility of the chosen approach.

The methods and results presented in this chapter have been previously published as listed below.

• The initial idea of the arm weight support control along with first results is presented in

[82] C. Klauer, A. Passon, J. Raisch, and T. Schauer. “Virtual Weight-Compensating Ex-
oskeleton using λ-Controlled FES”. in: Proc. of Automed 2013. Dresden, Germany, 2013.

• The control system was evaluated in five healthy subjects showing the ability to reduce
voluntary effort and, further, was successfully applied to one stroke patient with an almost
complete paralysis in the shoulder elevation in

[80] C. Klauer, S. Ferrante, E. Ambrosini, U. Shiri, F. Dähne, I. Schmehl, A. Pedrocchi, and
T. Schauer. “A patient-controlled functional electrical stimulation system for arm weight
relief”. In: Medical Engineering & Physics 38.11 (2016), pp. 1232–1243. doi: 10.1016/j.
medengphy.2016.06.006.

• The adaptive controller to adjust the level of support is presented in

[88] C. Klauer and T. Schauer. “Adaptive Control of a Neuroprosthesis for Stroke Patients
Amplifying Weak Residual Shoulder-Muscle Activity”. In: Proc. of the 20th World Congress of
the International Federation of Automatic Control, 9-14 July 2017. Toulouse, France, 2017.

• The results of first clinical trials were presented in

[87] C. Klauer, M. Ruppel, and T. Schauer. “FES-based arm weight relief: First investigations
in stroke patients”. In: Abstract in Proc. of the 6th European Conference on Technically Assisted
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Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. 4.1 to Sec. 4.5 are based on [80]. Herein, slight modifications
of the text and the figures were performed. Further, a more detailed evaluation of Jury’s criteria
and results for a second stroke patient were added.

Sec. 4.6 has newly been added.

Sec. 4.7 is partially based on [88]. Herein, slight modifications of the text and the figures were
performed. Some parts were outlined in more details. The paragraphs “Asymptotic stability of
the weight-relief control loop” and “Simulation results” were added. Further, Fig. 58 was added.

4.1 System Overview

Considering all devices as well as electrodes and IMU positioning, the used experimental set-up
is the same as already described in Chapter 3. Further, as shown in Fig. 37, the underlying
recruitment control is used, whereby the desired recruitment level rλ̂ forms a virtual actuation
variable that is generated by the angle-dependent arm weight support. The estimated volitional
EMG activity level γ̂ is used to evaluate the performance of the arm weight support. The
movement is patient-initiated by his/her weak residual muscle activity.

stimulator

recruitment (λ)
controller

γ-estimation
filter

λ-estimation
filter

weight
support

rλ̂

ϑ
EMG recording
at 2048 Hzst

im
ul

at
io

n
in

te
ns

it
y
v

at
25

H
z

volitional EMG activity

γ̂ at 25 Hz

λ̂ at 25 Hz

el
ev

at
io

n
an

gl
e

support factor pWC (manually adjusted)

ϑ

FES-evoked EMG activity
(recruitment)

monitoring and
offline analysis

Figure 37: Control scheme to achieve arm weight support by stimulation of the medial deltoid muscle.

4.2 FES Arm-Weight Support Controller

The proposed control system aims to induce a fraction pWC of the currently measured arm
elevation by FES. As shown later in the analysis of the proposed control system, this yields to
a higher influence of the volitional activity on the resulting elevation angle. Hence, the arm
elevation can be easier controlled by the user. This amplification is described by the volitional
amplification factor gWC that is directly related to the fraction pWC as outlined in this section.

The typical relationship for the λ̂ – angle relation described by the dataset (λ̂cal,s, ϑcal,s) that is
obtained in the calibration of the recruitment controller (cf. Sec. 3.4.1), is shown in Fig. 38. As
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Figure 38: The relation between λ̂ and ϑ for the dataset (λ̂cal,s, ϑcal,s) obtained during the calibration
procedure of the recruitment controller as described in Sec. 3.4.1.

known from previous experimental experience, typically, hysteresis effects may be present in
this relation. In the design of the weight compensating control system, at first, an approximately
linear relationship for the steady state λ̂ – angle relation is assumed:

ϑ = (λ̂ − min
s

λ̂cal,s)
maxs ϑcal,s − mins ϑcal,s

maxs λ̂cal,s − mins λ̂cal,s                                                            
:=cλ

+min
s

ϑcal,s.

To simplify the notation, the following abbreviations are introduced (the superscript WC repre-
sents “weight compensation”):

λWC
min := min

s
λ̂cal,s λWC

max := max
s

λ̂cal,s (34)

ϑWC
min := min

s
ϑcal,s ϑWC

max := max
s

ϑcal,s. (35)

Herein, ϑWC
min is the minimal angle when no muscle contraction is present, ϑWC

max the maximum
angle that is obtained for the maximal recruitment level λWC

max (without volitional contribution),
and λWC

min yields the onset of muscle contraction.

The derived parameter cλ describes the gain of the model. These parameters are experimentally
obtained as described in Sec. 3.4 yielding their respective estimates ϑ̂WC

min , ϑ̂WC
max, λ̂WC

max and λ̂WC
min.

Please note that these estimates may slightly vary from the actual, unknown parameters. Please
remember, that all estimates introduced in this work are denoted by the additional accent “ˆ”.

To compensate the arm weight, a linear mapping of joint angles within a range Ωϑ := [ϑ̂WC
min , ϑ̂WC

max]

to the virtual actuation variable25 rλ̂ ∈ Ωλ̂ in the range Ωλ̂ := [λ̂WC
min, λ̂WC

min + pWC(λ̂WC
max − λ̂WC

min)]

is performed. The controller gain pWC ≥ 0 is called support factor and describes the initially
introduced percentage value. Additionally, rλ̂ ∈ [λ̂WC

min, λ̂WC
max] is saturated in case it exceeds its

25The virtual actuation variable is the desired recruitment level that is the reference to the underlying recruitment
controller.
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boundaries. The controller is then given by

rλ̂ = satλ̂WC
min ,λ̂WC

max

⎛
⎜⎜⎜⎜⎝

pWC λ̂WC
max − λ̂WC

min

ϑ̂WC
max − ϑ̂WC

min                          
:=1/ĉλ

(ϑ − ϑ̂WC
min) + λ̂WC

min

⎞
⎟⎟⎟⎟⎠

. (36)

Please note, that the assumed gain cλ of the model is compensated by its estimate ĉλ.

mechanical
system

M
cλ

cγ

TλAWC
∆ϑT ∆ϑ

ϑ

rλ̂

λWC
min

∆λ̂λ̂

ϑminγ

γmin

∆γ

Figure 39: The linear model of the closed loop. The arm-weight support controller (AWC) described by Eq.
(36) adjusts the desired recruitment level rλ̂ of the underlying recruitment control loop. The
parameter cγ > 0 describes the influence of the volitional activity on the closed loop.

4.3 Closed Loop Analysis

To obtain a detailed understanding of the working mechanism of the arm-weight support
controller, a systematic analysis using linear systems theory is carried out. Important questions
consider stability and dynamics of the positive-feedback closed-loop system as well as how
the effect of force amplification is achieved. All investigations are performed using linear-time
invariant system’s theory for discrete-time systems. Sampling is assumed to be significantly faster
than the time constants of the closed loop dynamics. A linear approximation of the non-linear
biomechanical arm model is used as shown in Fig. 39. The following variables are herein
introduced:

∆ϑ := ϑ − ϑWC
min , ∆λ̂ := λ̂ − λWC

min, (37)

∆γ = γ − γmin, cλ :=
ϑWC

max − ϑWC
min

λWC
max − λWC

min
> 0. (38)

Herein, γmin denotes an offset in the estimation of the volitional activity.

To model the mechanical behavior of the arm that acts like a second-order system with conjugate
complex poles, the transfer function

M(z) =
(1 − z1)(1 − z2)

(z − z1)(z − z2)
, (39)

z1, z2 ∈ C, z1 = −z2, |z1| < 1, |z2| < 1, z1 , z2 , 0 (40)

is used that is assumed to be asymptotically stable. Please note that M(1) = 1 (unit static
gain) holds. The hybrid muscle activation (volitional & FES, cf. 2.6) is modeled by the linear
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combination

∆ϑT = cλ∆λ̂ + cγ∆γ, cλ > 0, cγ > 0. (41)

Herein, ∆ϑT describes the joint angle in which the system M is stationary.26 The parameter cγ > 0
describes the influence of the voluntary activity γ on the stationary joint angle ∆ϑT .

pWC

ĉλ
cλ

cγ

2nd-order
system M
(unity gain)

∆γ

∆ϑ∆λ̂ ∆ϑT

Figure 40: Simplified linear model of the closed loop. The controller parameter ĉλ > 0 is an estimate of
cλ > 0.

This model and its representation are simplified yielding the model given in Fig. 40. Herein, the
arm weight support proportional controller K = pWC/ĉλ, pWC ≥ 0 approximately cancels the
gain factor between the actuation variable rλ̂ and the stationary joint angle ϑT and introduces the
tunable factor pWC. Further, as the dynamics Tλ introduced by the recruitment control loop is
generally of high bandwidth compared to M, it is neglected in the ongoing analysis.

Stability of the closed loop The open-loop transfer function L(z) and its static gain L(z = 1) are
given by (cf. Fig. 40)

L(z) = − lm(z)
ld(z)

= − pWC cλ

ĉλ        
L(1)

(1 − z1)(1 − z2)

(z − z1)(z − z2)
,

whereby lm(z) and ld(z) are the numerator and denominator polynomials respectively. Please
note that the minus sign is introduced because of the positive feedback loop. To investigate the
closed-loop stability, the closed-loop polynomial is calculated:

qcl(z) = lm(z) + ld(z)

= z2 + z [−z1 − z2]                  
:=a1

+ z1z2 − pWC cλ

ĉλ
(1 − z1)(1 − z2)

                                                                              
:=a2

.

The control loop is asymptotically stable if and only if all roots of qcl reside within the unit circle.
To investigate the stability of the closed loop, Jury’s criteria [14] is applied. The control loop is
asymptotically stable if and only if the conditions

a2 < 1 (42)

a2 > −1 + a1 (43)

a2 > −1 − a1 (44)

26Hence, ∆ϑT can be interpreted to be proportional to the joint torque as indicated by the index T.
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hold. In this analysis, the complex conjugated poles z1 and z2 are written as

z1 = a + jb, z2 = a − jb a, b ∈ R.

Please note that, additionally, the following properties

a > 0, b > 0, a2 + b2 < 1

are derived from (40). Further, please keep in mind that cλ > 0 and ĉλ > 0 hold. Then, the first
condition (Eq. (42)) yields27

(a2 + b2)− pWC cλ

ĉλ
((a − 1)2 + b2) < 1

⇔ pWC cλ

ĉλ
>

a2 + b2 − 1
(a − 1)2 + b2
                            

<0

.

In this application, negative support factors pWC will not be considered. Hence the obtained
condition can be reduced to pWC ≥ 0. Further, the second (Eq. (43)) and the third condition (Eq.
(44)) yield:

(a2 + b2)− pWC cλ

ĉλ
((a − 1)2 + b2) > −1 − 2a (45)

(a2 + b2)− pWC cλ

ĉλ
((a − 1)2 + b2) > −1 + 2a, (46)

respectively. Please note that because of −1 + 2a > −1 − 2a, the first condition (45) is always
fulfilled if the second (46) holds. Hence, it is sufficient to consider the second condition (46) that
is equivalent to

pWC cλ

ĉλ
<

a2 + b2 + 1 − 2a
(a − 1)2 + b2 = 1. (47)

To sum up, the arm-weight relief controller is asymptotically stable if28

0 ≤ pWC cλ

ĉλ
< 1. (48)

This means the stability properties of the closed loop are independent of a and b and, hence, also
independent on the dynamics of M.

Voluntary control of the joint angle The neuroprosthesis shall be designed such that the joint angle
ϑ can be controlled by the patient’s volitional muscle activity γ. In the traditional understanding
of control loops, γ would be interpreted as a disturbance whose effects on the output are com-
pensated. Using a positive feedback, the influence of γ on the system output is not compensated
but amplified, which is the desired behavior in this case, as it allows the patient to move his arm
with minimal volitional effort. Hence, γ is considered to be a command signal to drive the closed
loop. The amplification effect is investigated by calculating the transfer function Sγ that describes
27The following properties are used: z1z2 = a2 + b2 < 1, (1 − z1)(1 − z2) = (a − 1)2 + b2 > 0, −z1 − z2 = −2a < 0.
28Please remind that this forms a sufficient condition only as the control loop might also be stable for some values

pWC < 0. This case, however, does not match the intention of the control system that requires pWC > 0 to achieve an
amplification of the volitional activity.
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the relationship between the volitional activity ∆γ and the joint angle ∆ϑ:

Sγ(z) = cγ
M(z)

1 − M(z)pWC cλ
ĉλ

= cγ
(1 − z1)(1 − z2)

qcl(z)
.

For the stationary case, a static relationship between ∆γ and ∆ϑ is obtained:

∆ϑ = sγ∆γ, sγ = Sγ(1) = cγ
1

1 − pWC cλ
ĉλ                      

:=gWC

. (49)

The factor gWC is called volitional amplification factor, whose dependence on the support factor
is illustrated in Fig. 41 assuming perfect parameter match (cλ = ĉλ). As shown in the figure, a
huge amplification of the volitional activity is achieved as pWC tends to one. Hence, in case of
high support levels, even slight parameter variations in cλ have a strong influence on the closed
loop – especially the stability margin is sensitive to such variations. This is why an adaptation
algorithm is beneficial.
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cλ/ĉλ = 1
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Figure 41: The volitional amplification factor gWC depending on the support factor pWC. The solid
line shows the relation in case of a perfect parameter match (cλ/ĉλ = 1). In case of slight
variations (cλ/ĉλ = 0.9 and cλ/ĉλ = 1.1), this relationship significantly changes its behavior
– especially for high amplification factors gWC.

Further, the step responses of Sγ for different values of pWC are shown in Fig. 42. As pWC

increases, the rise time of the respective step response increases. As observed, the range of
motion is significantly increased for the same volitional effort. The response to changes in the
volitional activity gets slower as the level of support increases. However, still continuous motor
control using small volitional activities is possible. For joint angles greater than ϑWC

max, a linear
extrapolation is performed. A more realistic simulation using a triangular input is given in Fig.
43.
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Figure 42: Responses of the closed loop (transfer function Sγ) in terms of the elevation angle ∆ϑ to a
step-wise change of the volitional activity ∆γ from zero to one for different support factors pWC.
For pWC = 0, the step response of M becomes visible. Parameters used in this simulation are
cγ = 10◦, cλ/ĉλ = 1, z1 = 0.6768 + 0.5177j (j-imaginary unit), z2 = z2. The sampling
time is Ts = 1/25 s.
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Figure 43: Responses of the closed loop described by the response of the elevation angle ∆ϑ to a triangular-
shaped volitional activity. In this simulation the same parameters like in Fig. 42 are used.
Further, the line colors and the different values of pWC are the same like in Fig. 42.

90



Conclusion To conclude, under the assumption of 2nd-order linear time-invariant plant dynamics,
the closed-loop system is asymptotically stable for 0 ≤ pWC < 1. As pWC tends to one, the
required voluntary activity to realize any given joint angle trajectory theoretically tends to zero in
case of perfect parameter match. For slight variations, the influence of pWC significantly changes
if high volitional amplification factors shall be realized.

Further, please note, that dynamical response of the joint angle to changes in the volitional activity
gets slower as the level of support increases. However, continuous control is still possible, and,
further, no practically relevant limitations due to the slower dynamics were observed in the
experiments described in Sec. 4.5.

4.4 Experimental Validation of the Arm Weight

Compensation

The support factor pWC is the only tunable parameter of the weight compensation controller.
In case the neuroprosthesis is applied to support daily life activities, this factor may be chosen
such that a maximal support-level is achieved. This level is limited, however, by some practically
relevant constraints. In any case, an overcompensation of the arm weight29 must be prevented.
Therefore, the presence of hysteresis, remaining nonlinearity, and parameter variations in the
static recruitment – angle relationship, practically limits the achievable maximal support pWC.
One aim of this study is to determine the limits in healthy subjects.

To find out the maximal possible support factor pWC and to analyze the reduction of the voluntary
activity required to perform a defined joint angle tracking task in the angular range 0–60

◦ under
different levels of support, a trial-based test was carried out. While the weight compensation
controller is activated, the subject is instructed to follow a staircase like angular reference trajectory
(three increasing and decreasing stairs respectively) visualized on a LCD-screen along with the
currently measured joint angle during each trial. When healthy volunteers were involved in
these tests, they were asked to provide the minimal effort needed to track the angular reference
trajectory.

As the trial number increases, the support factor pWC is increased by 10% per trial starting from
zero support:

pWC
j = (j − 1) · 0.1, j = 1, 2, ..., Nt, Nt ≤ 11.

The experiment is aborted when an overcompensation of the arm weight is observed, meaning
that the subject has to actively push down to decrease the elevation level.

For all trials, the voluntary EMG γ̂ is calculated as described in Sec. 3.2.2 and applied to a
low-pass filter (non-causal Butterworth filter of 2nd-order, with zero phase shift and a cutting
frequency of 0.5Hz) yielding γ̂lp. This signal is normalized to its respective minimum and
maximum value yielding γ̂lp,norm. Finally, for each trial j, the corresponding subset is extracted
yielding the signal γ̂lp,norm,j. Similar, ϑj is the signal for the measured joint angle during each trial
j.

29Overcompensation occurs in case the open loop’s static gain L(z = 1) is greater or equal to one, meaning the closed
loop becomes unstable or is at the margin of instability.
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To assess the required voluntary activity with respect to the achieved arm elevation, the quotient
Aj of the mean value γ̂mean,j of the voluntary EMG γ̂lp,norm,j and the mean value ϑmean,j of the
measured joint angle ϑj is calculated for each trial:

Aj := γ̂mean,j/ϑmean,j, j = 1, 2, ..., Nt,

which is called activity level. To allow a comparison across subjects, a normalization to the
maximal activity level is performed:

Anorm,j = Aj/ max
j

Aj.

For each subject, the maximal possible support level and minimal required activity level for
fulfilling the tracking task are determined.

Tests with stroke patients To demonstrate the feasibility of the weight-compensating approach
in stroke patients, an observational study is performed. Herein, the system is applied to two
patients suffering from a paresis in the arm elevation. In a first step, the recruitment controller is
calibrated. Then, the arm-weight relief controller is activated with an initial support level pWC of
zero. The patient is asked to demonstrate his maximal level of volitional arm elevation multiple
times. In between these trials, the support factor is manually tuned in a trial an error approach to
find out the maximal possible support level that does not cause an overcompensation.

All experiments in stroke patients leading to the results described in the next section were
performed in the same persons and during the same experimental session like the tests performed
for the evaluation of recruitment control as described in Sec. 3.6. The ethical consent for the
evaluation of recruitment control also applies to this study.

4.5 Results

Tests were carried out in healthy subjects as well as in two stroke patients. All test persons
S1 to S5 were the same that also participated in the test for recruitment control in Sec. 3.6. In
case of the stroke patients P1 and P2, the calibration of the recruitment controller (yielding the
results described in Sec. 3.6) and the tests of the arm-weight relief controller are combined in one
experimental session.

4.5.1 Healthy subjects

The weight compensation controller has been applied to each healthy subject. Detailed time-series
results of all trials of S4 are shown in Fig. 44. Hereby, for increasing trial indices, the support
factor has been increased from pWC

1 = 0.0 to pWC
7 = 0.6. The last trial j = 7 leads to some slight

overcompensation of the arm weight at lower angles so that no further trial has been performed.
The results of all trials for all five subjects are summarized in Fig. 45. In average, a maximal
support level of pWC = 0.7 could be achieved leading to a minimal volitional activity of 22%
compared to the activity level without support (reduction by 78%).
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Figure 44: Time series of measured signals during the tracking test with activated weight compensating
controller in case of subject S4. The signals are aligned to the beginning of each trial. As the
trial index increases, the support factor pWC is increased leading to decreasing mean values
of the volitional EMG activity γ̂, while support is taken over by FES as indicated by the
increasing recruitment level.
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Figure 45: Required voluntary activity for all healthy subjects and all tested support factors pWC.

4.5.2 Stroke patients

Patient P1 The weight compensation controller has been applied to the stroke patient P1 (details
are described in Sec. 3.6) using the calibration for the recruitment controller as presented in Sec.
3.6. The achieved arm elevation is illustrated in Fig. 46. Without support, the patient could only
achieve 6

◦ shoulder elevation by himself. With arm weight support more extensive movements
were possible. However, for a support factor of pWC = 1 overcompensation of the arm weight
occurred at ϑ = 25◦. The arm could only be lowered by decreasing pWC. With a reduced support
of pWC = 0.75, he could lift, hold, and lower the arm voluntarily up to 16◦.

Patient P2 A second acute stroke patient P2 (details are described in Sec. 3.6) was tested. Details
for the calibration of the recruitment controller are given in Sec. 3.6. The achieved benefits of
using the presented neuroprosthetic system are illustrated in Fig. 48. Compared to patient P1,
P2 had much stronger volitional activity, as illustrated in Fig. 48/A, however, still significantly
hindering functional movements in daily live. By applying the control system (pWC = 0.8), the
previously paretic arm elevation was almost fully restored as illustrated in Fig. 48/B. The patient
had full volitional control of his arm movements and also the speed of up/down movements was
comparable to healthy persons. This fact is shown in the time series plots of the experiment given
in Fig. 49.

Numerous trials have been performed within 10 minutes in order to cause muscle fatigue. The
maximal arm elevation by the end of the experiment (pWC = 0.8) is illustrated in Fig. 48/C.
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A B C D

Figure 46: Evaluation of the arm weight compensation in a stroke patient: A – rest position, B – maximal
volitional shoulder elevation without support (pWC = 0), C – voluntary initiated shoulder
elevation with maximal support factor pWC = 1 yielding overcompensation of the arm weight
(return to rest position only by decreasing pWC), D – voluntary initiated and released arm lift
with a support factor of pWC = 0.7.

Finally, also the maximal volitional activity without support was determined again at the end of
the session as shown in Fig. 48/D.

4.6 Experimental Setup for Future Clinical Trials

To perform future clinical trials, a portable set-up that shall be easily operable by clinical staff
was developed after the initial tests succeeded. To improve user handling, a HTML-based
graphical user interface (GUI) was developed that allows the control of the neuroprosthesis via a
smart device or a PC. The real-time control system is running on an embedded ARM-computer
(Odroid C2, Hardkernel Ltd., South Korea) using Ubuntu 16.04 that additionally provides the
HTML-content for the GUI. The connection to user interfacing devices can be achieved via USB,
Wireless LAN or Ethernet. To measure EMG, the portable EMG amplifier RehaIngest (Hasomed
GmbH, Germany) is used. Stimulation is applied by the stimulator RehaStim I (Hasomed GmbH,
Germany). Finally, to measure the shoulder elevation angle, a wired inertial sensor (MPU 9250,
InvenSense Inc., San Jose, USA) is used.

4.7 Adaptive Control

The arm-weight relief control as shown in Fig. 37 is extended by an adaptive controller. This
controller acts on top and tunes the parameter pWC that had to be manually tuned previously.
The experimental set-up is shown in Fig. 51.

The design of this adaptive control scheme is based on the model of the closed-loop behavior
introduced in Sec. 4.3. The overall scheme of the used trial-based adaption algorithm is depicted
in Fig. 52 and described in the next sections.
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Figure 47: The time-series results for the application of the weight compensation to the stroke patient
P1. (A) are shown: With a support factor pWC = 84%: The therapist has manually abducted
the arm by slightly pushing. After releasing, the angle drops slowly. In (B) and (C) also
manual elevation movements are performed under full weight compensation. As theoretically
proposed in Sec. 4.3, due to the weight compensation, arm movements become slower, e.g.,
also when returning to the rest position. The smooth falling of the arm after releasing the arm
took approximately 0.5 (A) and 0.7s (B). This is significantly slower than the normal drop
without controller support, which is an indication of the effectiveness of the applied weight
compensation. In case (C), the effects of an overcompensation can be observed: In this case, the
therapist had to push down the arm. (D) and (F): The patient was able to voluntarily perform
an elevation movement (no external interaction) to a significantly greater extent than without
support. The voluntary contribution leading to FES-support is visible in the voluntary EMG.
(E): Due to an effective overcompensation, the support factor had to be reduced manually to
decrease the elevation level.
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A B

C D

Figure 48: Application of the arm-weight relief control system to a partially paralyzed stroke patient (P2).
A The maximal residual activity before applying the device. B Maximal volitional shoulder
elevation under a high level of support (pWC = 0.8). C Maximal volitional shoulder elevation
after numerous trials performed for the a constant level of support (pWC = 0.8). D Maximal
residual activity by the end of all trials for a deactivated FES-support (pWC = 0). During all
trials, no overcompensation was observed, and fluent movements were possible.
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Figure 49: Time series plots obtained for the activated controller applied to the stroke patient P2. Different
levels of support pWC ∈ [20%, 40%, 60%] were tested. The patient’s intention fully controlled
all movements.
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Figure 50: The current set-up for experimental trials in clinical environments.
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Figure 51: Control scheme to achieve an arm weight relief by stimulation of the medial deltoid muscle.
The controller is automatically adapted to realize the best user experience.
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Figure 52: The closed loop including the nominal model of the arm weight support that is tuned by an
integral controller (Eq. (54)) adjusting pWC.

4.7.1 Trial-to-trial adaptation

The tasks performed with the support by the neuro-prosthesis can typically be divided into short
phases of active movements, e.g., for reaching and phases of complete inactivity when the upper
limb stays in its rest position. To perform an automatic adaptation, a trial-based update scheme
is chosen that updates the support factor pWC after each phase of activity j by analyzing the
closed-loop behavior during the active movement. This principle is illustrated in Fig. 53. Each
trial j starts with an arm movement and finishes as the elevation returns to the rest position. For
each period j, I/O data for γ̂ and ϑ is obtained and stored in a separate vectors γm[j], ϑm[j] for
each trial j.

4.7.2 Desired closed-loop behavior

To aim of the adaptive controller is to realize a given user-experience in terms of the amplification
of the required volitional activity. A pre-defined volitional amplification level gWC

d (introduced
in Eq. (49)) shall be realized by adjusting pWC. Therefore, the desired relationship between γ

and ϑ under static conditions (as described by Eq. (49)) shall be realized as illustrated in Fig.
54. This relationship is characterized by the desired slope sγ,d that is directly related the desired
amplification level gWC

d as described by Eq. (49). By replacing the nominal parameter cγ by its
estimate ĉγ in this equation, the relationship for calculating the desired slope is given by

sγ,d = gWC
d /ĉγ.

The adaptive control scheme shall now adjust pWC such that the actually present static relationship
between γ̂ (the estimated volitional activity) and ϑ matches its reference value given by sγ,d. The
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Figure 53: Illustration of the trial-to-trial adaptation. The green angle trajectory named ϑd exemplarily
describes a signal shown to the user when the control system is used for rehabilitation purposes.
The user is asked to track this angle to the maximal possible extent, while the support factor
pWC is adapted in between trials.

tuning of this parameter allows setting a maximally reachable joint angle that occurs for the
maximal possible volitional contribution as described in Sec. 4.7.5. The adaptation procedure
shall realize this behavior.

4.7.3 Estimation of the actual closed-loop behavior

After each period j, the recorded data ϑm[j] and γm[j] are used to analyze the actual behavior
of the closed loop. Herein, the static relationship between γ̂ and ϑ shall be estimated, however,
the collected data are interconnected by the closed-loop dynamics described by the transfer
function Sγ(z) (Eq. (49)). Please note that the parameter cλ influencing the transfer function
Sγ(z) is already known approximately in form of its estimate ĉλ. Therefore, it is assumed that the
dynamics in terms closed-loop poles are similar to the approximation

S′
γ(z) = Sγ(z)|cλ=ĉλ

.

As illustrated in Fig. 55, a decomposition into a dynamical system F normalized to a static gain
of one, and a static gain S′

γ(1) is performed. Herein, F is given by

F(z) =
S′

γ(z)
S′

γ(1)
=

cγ

Sγ(1)
M(z)

1 − M(z)pWC (50)

=
M(z)(1 − pWC)

1 − M(z)pWC . (51)
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Figure 54: The desired static relationship between the level of the estimated volitional muscle activity
γ̂ and the joint angle ϑ for stationary conditions is illustrated. The adaptive controller shall
adjust the FES-support pWC such that this is realized. The actual slope ŝγ[j] is determined
using measured data from trial j. Herein, ϑWC

min is the obtained joint angle in the absence of
a muscle contraction and γ̂min the belonging base-level of the estimated volitional activity.
The parameter ϑd,max limits the maximally reachable joint angle that can be achieved by the
maximal volitional activity γ̂max.

Please note that the transfer function F does not depend on the static gain S′
γ(1) as this gain

cancels. To obtain a dataset that can be approximately described by a static relationship, the data

S′γ(z)
S′γ(1)

S′γ(1)
γ̂ γstatic ϑ

static gain
to estimate

dynamics

Figure 55: The decomposition of the dynamical relationship between γ̂ and ϑ into a dynamical part
F(z) := S′

γ(z)/S′
γ(1) normalized to a static gain of one, and a static gain S′

γ(1) that shall
be estimated by I/O data obtained for γ̂ and ϑ. Therefore, data for γ̂ is filtered by the already
known function F yielding data for γ̂static. Then, the value of S′

γ(1) can be directly estimated.

γm[j] are filtered by this transfer function F yielding γstatic[j], which is now assumed to relate to
ϑm[j] statically. Hence, the linear model

ϑm,i[j] = ŝγ[j] · γstatic,i[j] + ηϑ,i[j], ∀i (52)

is used to describe the steady-state relationship between the volitional activity and the joint angle
of the closed loop during each trial j (Fig. 40, Fig. 54, and Eq. (49)). The index i refers to the
i-th vector-element (relating to the sampling instances for the recorded signal) and ηϑ,i describes
white noise. The estimate ŝγ[j] is then determined using a linear least squares approach after
each trial j.

4.7.4 Integral control

The assumed non-linear plant including the assumed parameter variations (cf. Eq. (49)) is given
by

ŝγ[j] = cγ
1

1 − pWC[j] cλ
ĉλ

.
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Herein, pWC is the input and sγ the variable to control (system output). By applying the
output-transformation

y[j] :=
ĉγ

ŝγ[j]
=

1
gWC[j]

, r[j] :=
ĉγ

sγ,d
=

1
gWC

d
, (53)

the virtual, linear plant

y[j] =
ĉγ

cγ

(
1 − pWC[j]

cλ

ĉλ

)

is obtained for the virtual output y and the virtual reference r. It is then feasible to apply an
integral controller as follows:

pWC[j + 1] = pWC[j] + KI(r[j]− y[j]                
:=e[j]

)

= pWC[j] + KI

(
ĉγ

sγ,d
− ĉγ

ŝγ[j]

)
.

The closed loop system is given by

pWC[j + 1] = pWC[j] + KI

(
ĉγ

sγ,d
− ĉγ

cγ
+ pWC[j]

ĉγcλ

cγ ĉλ

)
(54)

ŝγ[j] = cγ
1

1 − pWC[j] cλ
ĉλ

. (55)

Feasible choices for KI are KI ∈]− 1, 0[ yielding as. stability under nominal conditions (ĉγ = cγ,
ĉλ = cλ) as long as pWC[j] cλ

ĉλ
, 1.

The steady-state value of pWC
stat (pWC[j] = pWC[j + 1]) is further given by:

pWC
stat =

cγ ĉλ

ĉγcλ

[
ĉγ

cγ
− ĉγ

sγ,d

]
. (56)

By inserting pWC
stat into Eq. (55), ŝγ = sγ,d is obtained meaning that the remaining control error is

zero.

Asymptotic stability of the weight-relief control loop Please consider the condition (0 ≤ pWCcλ/ĉλ <

1) (Eq. (48)) yielding as. stability of the arm-weight relief controller. It can be shown that
pWC

stat < ĉλ/cλ holds30, meaning that the steady state of the adaptive closed loop causes the inner
loop, which realizes the arm weight relief, to be asymptotically stable. To not cause instabilities
of this inner loop during the automatic adaptation, the initial state pWC[0] = 0 may be applied to
the adaptive controller.

As illustrated in Fig. 56, the support factor pWC[j] then asymptotically converges31 to its steady
state value pWC

stat , whereby pWC[j] < ĉλ
cλ

is guaranteed for j ≥ 0. This condition ensures an
asymptotically stable arm weight relief during each trial j.

30By using Eq. (56) and applying some rearrangements the following relationship is found: pWC
stat < ĉλ/cλ ⇔ cγ > 0. The

latter condition holds true as introduced in Eq. (41) and, hence, also the former condition is valid.
31Because the closed loop (Eq. (54)) is a first-order system.
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Figure 56: Asymptotic convergence of the support factor pWC to its steady state value pWC
stat during the

initial adaptation phase without parameter variations. Herein, ĉλ/cλ is the critical support
level above which the arm weight compensation closed loop becomes unstable. It can be shown,
that pWC

stat < ĉλ/cλ holds, which means that the critical level is not crossed or reached during
the initial adaptation process.

4.7.5 Tuning procedure

The parameters ϑ̂WC
max, ϑ̂WC

min , λ̂WC
max, and λ̂WC

min are determined by the calibration procedure of the
recruitment controller previously performed as described in Sec. 3.4. The following steps are
performed to experimentally obtain the estimate ĉγ and the desired volitional amplification sγ,d:

• For pWC = 0, instruct the patient to perform the maximal volitionally contraction for at
least 2 s and calculate the respective mean values of ϑ and γ̂ for the period yielding ϑ̂vol,max

and γ̂max respectively.32

• For pWC = 0, instruct the patient to not contract volitionally for at least 2 s. Record data
for γ̂ and calculate its mean-value during the period yielding γ̂min which is the estimate of
γmin. Further, the minimum angle ϑmin is obtained.

Then, an estimate ĉγ of the model parameter cγ can be easily calculated (cf. Fig. 40) by

ĉγ =
ϑ̂vol,max − ϑ̂min

γ̂max − γ̂min
.

Further, the desired static gain of Sγ(z) (cf. Fig. 54) is given by

sγ,d =
ϑd,max − ϑ̂min

γ̂max − γ̂min
.

Herein, the parameter ϑd,max corresponds to the maximally achievable joint angle caused by the
maximal volitional activity γ̂max in case the adaptive control loop reached its steady state. In the
experiments in healthy subjects as described in Sec. 4.7.6, this parameter is set to the angle ϑ̂WC

max

obtained for the maximal stimulation intensity. In stroke patients, this value may be set to the
joint angle obtained for the maximal stimulation intensity combined with the maximal volitional
contribution. However, further investigations on this topic must be performed.

The poles of the mechanical system M may be determined by a system identification experiment in
which the arm is dropped while recording angle data. However, it is expected that the variations

32Potential changes in ϑ̂vol,max and γ̂max due to time-variances in the muscle condition are not considered in this research.
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across multiple subjects are low and, hence, a unique model might be applied to each person
without significant influence on the trial-analysis as described in Sec.4.7.3.

4.7.6 Results

Simulation results To illustrate the adaptation of the closed loop to changes in muscle condition,
the results of a simulation based on Eqs. (54) and (55) are shown in Fig. 57. Herein, slight
step-wise variations in the system parameters cλ and cγ are simulated. In case of a reduction
of the influence of FES on the shoulder elevation (described by cλ), the support level pWC is
increased by the adaptive control loop. Further, as the influence of the volitional activity on
the shoulder elevation increases, e.g., in case of a reduced muscle tone of the antagonist (flexor)
muscle(s), the control loop reduces the support factor pWC.
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Figure 57: Simulation results of the closed loop (Eqs. (54) and (55)). Parameters are KI = −0.2, ĉγ = 2.1,
and ĉλ = 0.9. At trial j = 17, the influence of FES on the shoulder elevation is reduced. At
trial j = 30, the contribution of the volitional activity is increased (e.g., due to a reduced
muscle tone).

Experimental results for the automatic tuning of the support factor The developed control system
was evaluated in one healthy subject. First, the recruitment controller and the arm-weight
compensation controller were calibrated as illustrated in Fig. 58. The parameters of the mechanical
system were experimentally identified using a test in which the arm was dropped from an angle
of approximately 60 degrees, while angle data was recorded.

Then, the steps described in Sec. 4.7.5 were performed. After calibration, the adaptive control
loop was applied, whereby the initial value of the integral part was set to pWC[0] = 0. The
subject then performed 24 trials in which the arm was elevated by 45 degrees, constantly held

105



time [s]
0 2 4 6 8 10 12 14 16 18 20

#
[/
]

-10

-5

0

5

10

#̂vol;max

#̂min

time [s]
0 2 4 6 8 10 12 14 16 18 20

.̂

0

1

2

3

4

.̂min

.̂max

.̂

low-pass -ltered

Figure 58: The time series data obtained during the calibration procedure are shown. The calibration
results obtained from these data were used to design the adaptive controller who’s control
behavior is shown in Fig. 59. The healthy subject was asked to initially relax while the
parameters ϑ̂min and γ̂min were obtained. Then, to simulate a degree of paresis, the subject
was instructed to volitionally elevate his arm only by approximately 12◦. In this case, the
parameters ϑ̂vol,max and γ̂max were obtained.
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Figure 59: Results for the progression of the adaptation for one healthy subject performing 14 arm elevation
movements (KI = −0.2). The virtual variables r and y as introduced in Eq. (53) are shown.
They can be interpreted as the required volitional effort in percent. This effort is dropping as
the amount of FES-support is increased by the control system.
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Figure 60: Similar to the results shown in Fig. 59, trials with a doubled learning gain KI = −0.4 were
performed.

for approximately 3 s and released again. The learning behavior across all trials for KI = −0.2 is
shown in Fig. 59 by the virtual variables r and y. In a second test (a complete re-calibration has
been performed before), the controller gain was doubled to KI = −0.4 yielding the results shown
in Fig. 60. In both cases, y closely matches the reference. However, a slight remaining error was
observed.

4.8 Conclusions

Arm weight support To support weak residual voluntary activity in the paretic arm elevation by
FES-induced muscle activation, a proportional feedback of the joint angle to control the desired
recruitment level of the deltoid muscle was proposed. The system can be parametrized by a
support factor that allows the system to take over muscle activation to a certain degree. Using
linear control theory, the stability of the positive feedback loop was investigated. As a further
result of this investigation, the user has full control of the movement as the residual activity is
amplified by the control loop. An almost completely paralyzed stroke patient was able to perform
arm elevation movements to a larger extent than before. Since the maximal possible support
factor is limited by hysteresis effects in the joint angle, the maximal possible support has been
identified experimentally for a group of healthy subjects. A systematic approach not requiring a
user-observation by the therapist would be beneficial.
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The results obtained in stroke patients, strongly indicate the feasibility of the developed neuro-
prosthesis to increase the reachable range of motion for functional movements under a paresis.
For patients suffering from a strong paresis, as demonstrated by P1, the user-control becomes
more difficult. In case of such strong paresis, high levels of volitional amplification are required to
restore a functionally feasible arm elevation. A high amplification, however, may bring the closed
loop close to instability. In this case, even small disturbances may lead to an overcompensation
of the arm weight, as it has been observed in the experiments in subject P1. Such disturbances
may potentially be minimized by an enhanced angular measurement that, e.g., compensates the
influence of upper-body movements. Further, the influence of hysteresis effects (cf. Fig. 38) may
cause difficulties in releasing the shoulder elevation. To detect and dissolve cases in which an
overcompensation occurs, a top-level classification and control system may be used that detects
such situations, e.g., by taking the estimated volitional activity into account. Then, by a slight
temporary reduction of the support factor, the arm elevation could be released.

In case of a slighter paresis (P2), the system performed as expected and a restoration of functional
movements was possible. For both patients, the steps required to apply the system including
electrode placement and calibration did not exceed more than 15 minutes, though there is still
room for improvement. The time spent on electrode placement by trial and error consumed the
largest amount of time. For subsequent sessions on the individual patient, the required time is
expected to be reduced, because of previously obtained experience.

Because of underlying recruitment control, it is assumed that the progression of muscle fatigue
does not have an influence on the weight relief control loop as long as the stimulation does not
saturate. Though this assumption was not experimentally validated, it should be reasonable,
as the compensation of fatigue-effects by recruitment control was experimentally demonstrated.
Further, a comparison to an arm-weight relief control system that directly applies stimulation
without recruitment control was not performed. From a theoretical perspective, the progression
of muscle fatigue shall cause a decrease of the effective volitional amplification factor, if no fatigue
compensation is present.

Adaptive control The presented adaptive control scheme was tested for two different controller
gains KI in one healthy subject. In both cases, a fast adaptation within only 3 to 5 trials was
possible, demonstrating the feasibility of the chosen approach. Though an integral part is
present in the control loop, a small stationary control error was observed. It is assumed that
this stationary error is caused by a continuously changing time-variant parameter, whose effects
cannot be compensated by a single-integrator approach. A double-integrator approach might
solve this issue. However, for practical application, the results are well sufficient.

The presented adaptive control concept is primarily intended for application in rehabilitation,
wherein repetitive reaching movements are performed that involve a similar trajectory in each
trial. In the estimation of the actual relationship between γ̂ and ϑ (cf. Fig. 54) it is assumed
that this relation is linear and does not depend on the performed trajectory, which is because
of the assumption of a linear model for the hybrid muscle activation. Therefore, in theory, the
chosen adaptation approach does not rely on a fixed trajectory and, hence, duration and intensity
of the performed arm elevation can vary without influencing the learning behavior. Under
these assumptions, the chosen approach may also be feasible to be applied to support daily life
activities.
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It must be remarked, however, that the linear model (Eq. (41)) used to describe the hybrid muscle
activation forms a strong simplification. This typically degrades the degree of linearity for the
collected data pairs assumed by Eq. (52) in the trial-analysis (Sec. 4.7.3), because the closed loop
that causes the observed γ̂ – ϑ relationship is then non-linear. Due to this fact, the result of the
calculation of ŝγ may additionally depend on other factors, e.g., the performed trajectory. This
dependency causes a bigger variance in the calculation of ŝγ. This fact, however, becomes only
visible in the progression of learning, if the performed angle trajectories differ greatly from trial
to trial.

In daily life activities, reaching trajectories are typically subjected to significant variances, however.
As a first approach considering this issue, a more detailed model based on artificial neural
networks is presented in Appendix. A. Future investigations may, hence, also involve the
integration of such a model into the adaptive control scheme.

Further investigations should also consider the influence of spastic-effects in the arm elevation
(only performed in simulation in this study) and the detection and incorporation of additional
loads (e.g., when grasping and releasing objects).
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5
A N E U R O - P R O S T H E T I C D E V I C E T O R E S T O R E

A R M F U N C T I O N S I N C O M P L E T E LY PA R A LY Z E D
PAT I E N T S

This chapter presents a fully feedback-controlled arm neuro-prosthesis for individuals with no
or very weak residual arm and shoulder functions (such as persons with C3/C4 tetraplegia) to
restore reaching functions. In contrast to existing arm neuro-prostheses, the proposed solution
allows to position the hand at arbitrary desired positions within the reachable workspace.

This arm neuro-prothesis is a component of the modular assistive framework MUNDUS (MUlti-
modal Neuroprosthesis for Daily Upper limb Support33) [134] that has been developed to support
and recover arm and hand functions in severely impaired people.

The arm reaching functionality can be extended by a robotic or FES-based module for grasping
assistance.

To reduce the amount of required stimulation for the arm and shoulder muscles, a passive
light-weight exoskeleton developed within MUNDUS by Technische Universität Wien supports
the user in addition to FES. The main purpose of the exoskeleton is the gravity compensation
by a passive spring mechanism. In addition to this, the exoskeleton enables to lock all joints for
holding the arm at given positions without FES. Thus, only point-to-point movements under
gravity compensation have to be realized through artificial muscle activation assuming no or
insufficient residual motor control by the user over his/her arm and shoulder musculature.

To simplify the generation of reaching movements with FES, a sequential control of each DoF
is applied: While one joint angle for one DoF is controlled by adjusting the corresponding
stimulation intensity to match a pre-calculated angular reference position, the other DoFs are
locked by the exoskeleton brakes. This strategy results in a fully decoupled system concerning
cross-couplings between the DoFs. For this reason, a light model with few parameters can be used
in the design of the controller, which dramatically reduces the effort for parameter identification.

Positions of target objects are detected in 3D space by a KINECT-based marker tracking system
developed within MUNDUS by Fraunhofer IESE. The mapping between the exoskeleton angles
and the position is bijective and is described by a kinematic model. Since the coordinate frame
of the marker tracking system is not necessarily equal to the one used for the kinematic model,
a transformation (translation and rotation) between two coordinate frames is required. The
parameters of the full transformation, as well as all parameters of the kinematic model (lengths
of the upper- and forearm and the inner shoulder rotation angle), are estimated by a non-linear
optimization procedure using measurements from at least 12 different arm positions. Another
calibration step is to acquire the maximum tolerable stimulation intensities for each muscle along

33http://www.mundus-project.eu; Funded by the European Commission in the 7th Framework Program, Grant agreement
no.: 248326

111



with a calibration experiment for identifying the dynamics of the shoulder abduction movement
induced by FES. The detection of the patient’s intention is gathered either by an eye-tracking
module or by a BCI-interface both developed within MUNDUS by Politecnico di Milano and the
Machine Learning Group at TU Berlin, respectively.

The methods and results presented in this chapter have been previously published as listed below.

• An overview of the overall MUNDUS system is given in

[135] A. Pedrocchi, S. Ferrante, E. Ambrosini, M. Gandolla, C. Casellato, T Schauer, C. Klauer,
J. Pascual, C. Vidaurre, M. Gfoehler, et al. “MUNDUS project: MUltimodal Neuroprosthesis
for daily Upper limb Support”. In: Journal of neuroengineering and rehabilitation 10.66 (2013),
pp. 1–20. doi: 10.1186/1743-0003-10-66.

• Initial results have been published in

[90] C. Klauer, T. Schauer, J. Karner, W. Reichenfelser, E. Ambrosisni, S. Ferrante, and
J. Raisch. “Design of feedback control strategies for an arm neuroprothesis combined with
an exoskeleton”. In: Converging Clinical and Engineering Reseach on Neurorehabilitation - Part
II, ICNR 2012. Springer, 2012, pp. 1189–1193. isbn: 978-3-642-34545-6.

• The complete FES-control system and its statistical analysis have been published in

[92] C. Klauer, T. Schauer, W. Reichenfelser, J. Karner, S. Zwicker, M. Gandolla, E. Ambrosini,
S. Ferrante, M. Hack, A Jedlitschenka, A. Duschau-Wicke, M. Gföhler, and A. Pedrocchi.
“Feedback Control of arm movements using Neuro-Muscular Electrical Stimulation (NMES)
combined with a lockable, passive exoskeleton for gravity compensation”. In: Frontiers in
Neuroscience 8.262 (2014). doi: 10.3389/fnins.2014.00262.

Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. 5.1 to Sec. 5.8 are based on [92]. Slight modifications of the
text and the figures were performed.

5.1 Control System Architecture

The entire system developed for the support of the reaching movements is depicted in Fig. 61.
Potential users have no residual voluntary control of arm, shoulder, and hand muscles, but they
can still control the head and gaze fixation. They usually sit in a wheelchair in front of a table.

The arm/shoulder movements are induced by FES while an exoskeleton guides the movement
and supports the arm during static postures in the absence of FES. The control signals (stimulation
intensities and on/off state of the exoskeleton brakes) are generated by a real-time controller that
receives commands from the Central Controller (CC) implemented by a finite state machine. The
central controller instructs the real-time controller to move the hand to a given target position in
the reachable workspace. Sensors integrated with the exoskeleton measure joint angles that are
used as feedback variables by the real-time controller. The FES control algorithm sequentially
controls each joint angle while locking the other DoFs.

The user interacts with the system through an eye tracker. Therefore, a commercial system, the
Tobii T60W system (Tobii Technology AB, Sweden), has been extended by a specific GUI for
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Figure 61: System architecture for support of reaching function.

the MUNDUS application. The table mounted eye tracker is integrated into a 17” TFT monitor.
During tracking, the Tobii T60 uses infrared diodes to generate reflection patterns on the corneas
of the user’s eyes. Proper image processing is used to identify the gaze point on the screen. The
three-dimensional position of the user’s hand, of the objects to be manipulated, and of the user’s
mouth are continuously monitored by environmental sensors, two Kinect cameras by Microsoft
(Microsoft Corp., Redmond, USA). Colored markers are attached to the hand and the objects
to enable their tracking. The first Kinect camera projects an image of the workspace on the
eye-tracking screen. To start an interaction with a specific object, the user has to visually fixate
this object on the eye tracker screen for a pre-defined time duration. Once an object is selected,
the corresponding Kinect coordinates are sent to the CC which transforms these coordinates
into the global (exoskeleton) 3D coordinate system. The real-time controller will then use the
transformed coordinates for the movement generation. The second Kinect camera is placed in
front of the user and is used to track the face position.

The central controller interfaces all modules and interacts with the eye tracker and the real-time
controller. For system integration, the software components of the CC and the eye tracker module
have been integrated into one single MS Windows-based PC. The real-time controller and the
data processing of the environmental sensor module are based on a computer system running
Linux with RTAI extension34.

Development and testing of the control system were performed in Scilab/Scicos 4.1.235 using the
real-time framework OpenRTDynamics36. The communication between all modules is established
via UDP and messages in the XML format are broadcasted.

5.2 Exoskeleton

As a basis for the exoskeleton design, the previously mentioned target motions were analyzed
using a motion capture system (Lukotronic, Lutz Mechatronic Technology e.U, Austria) to estimate
the required ranges of motion and expected loads at the joints [77, 145]. The 3D mechanical
34http://www.rtai.org
35http://www.scilab.org
36http://openrtdynamics.sourceforge.net/
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design was done in Catia V5R19 (Dassault Systèmes, France), focusing on modularity, simplicity,
and lightweight. The developed exoskeleton with gravity compensation is shown in Fig. 62 A.
The available degrees of freedom (DoF) of the exoskeleton are:

1. shoulder flexion/extension (angle ϑu),

2. shoulder horizontal rotation (angle φu),

3. elbow flexion/extension (angle ϑ f ).

The rotation of the forearm around the upper arm axis (humeral rotation) and pronation/supina-
tion of the forearm are locked by the exoskeleton as these DoFs are difficult to be controlled by
FES using surface electrodes. Due to the reduced DoFs, the orientation of the hand is not freely
adjustable in the workspace. Thus, to allow a safe handling of objects despite this constraint,
special objects with a universal joint in the handle have been developed (e.g., cup holder shown
in Fig 62 B).

A B

1

Shoulder 
flexion/extention

Shoulder 
horizontal 
rotation

Elbow
flexion/extention

1

Shoulder 
flexion/extention

Shoulder 
horizontal 
rotation

Elbow
flexion/extention

2

90°

2

90°

Figure 62: A) Exoskeleton with spring-based gravity compensation and electromagnetic brakes mounted
on a wheelchair. B) Cup holder with cardan joint in the handle.

The exoskeleton is equipped with magnetic encoders (Vert-X, Contelec AG, Switzerland) to
measure the angles for all three DoFs. Electromagnetic DC brakes (Kendrion, Germany) can lock
the shoulder horizontal rotation with a torque of 2.5Nm, the shoulder flexion/extension with up
to 5 Nm and the elbow flexion/extension with 1.5 Nm to hold the arm in any posture when the
stimulation is switched off.

To realize gravity compensation, a pressure spring is integrated into a vertical carbon tube that
can be either mounted on a wheelchair as shown in Fig. 62 or attached to a body harness for
mobile use. The spring force is transferred to the elevation lever by a rope and pulley mechanism.

A slight under-compensation (spring torque smaller than gravity torque) is intended as the arm
should move downwards slowly and gravity-induced when the stimulation and the brakes are
turned off. The amount of compensation is adjusted manually by changing the wind-up length of
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Table 4: Stimulation channels.

channel activated muscle control signal actuated angle – movement
1 biceps vb ϑ f – elbow flexion/extension
2 deltoid, anterior head vd,a positive direction of φu – shoulder horizontal rotation
3 deltoid, posterior head vd,p negative direction of φu – shoulder horizontal rotation
4 deltoid, medial head vd,m ϑu – shoulder flexion/extension

the rope at the spring adjustment module. A linear guiding provides the connection between the
elevation lever and the upper arm shell and compensates misalignment of the anatomical and the
mechanical shoulder joint. This guiding also minimizes the reaction forces. For the elbow-joint,
an elastic band with a variable attachment point acts as weight support.

The exoskeleton has a total weight of 2.2 kg and can be quickly adjusted to different anthropo-
metric dimensions.

5.3 Neuro-Muscular Electrical Stimulation

The desired arm movements are induced by four stimulation channels activating the anterior,
posterior and medial deltoid, and the biceps muscle (cf. Table 4). By stimulating the medial
deltoid, the shoulder extension can be actuated, while the anterior and posterior deltoid allow
arm rotation in the horizontal plane. Stimulation of the biceps is used to flex the elbow joint.
Shoulder flexion, as well as elbow extension, are induced by gravitational forces. One pair of
self-adhesive hydro-gel electrodes (oval shaped with size 4x6.4 cm) is used for each stimulated
muscle. The stimulation intensity described by the normalized pulse charge vi (cf. Sec. 2.4) serves
as control signal for the muscle i, while the stimulation frequency is fixed for all channels at 25

Hz. Table 4 shows the used control signal notations. Current amplitudes and pulse widths are
determined from normalized stimulation intensities vi as described in Sec. 2.4.

For the generation of the bi-phasic stimulation pulses, the current-controlled stimulator RehaStim
Pro (HASOMED GmbH, Germany) is used.

In a calibration phase, that is always performed before using the MUNDUS system, the maximally
tolerable pulse charge Qi,max of each muscle i is determined and used for the normalization of the
applied charges. Then, for the medial deltoid, the stimulation intensity vd,m that causes the onset
of a visible muscle contraction is determined. This value is required for the implementation of
the more complex shoulder flexion/extension controller described in Sec. 5.5.2.

5.4 Kinematic Model and Coordinate

Transformations

To calculate the hand position from a given set of joint angles or vice versa, a kinematic model
of the exoskeleton is required. Also, a transformation from the Kinect coordinate system to the
global (exoskeleton) coordinate system must be determined for the following reason: Objects to
interact with may potentially arbitrary located on the table in front of the user. The Kinect is
required to determine the object position in the local Kinect coordinate system. To bring the hand
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to objects by FES, the Kinect coordinates must be mapped into exoskeleton 3D coordinates and
corresponding exoskeleton angles. The latter forms the basis for the real-time arm controller.

xk

yk

zg

ϕu

yg

xg

ϑu

Phlf

lu

pg = Rk(φ, θ, ψ) · pk + tk

ϑf

zk

ϕf

Figure 63: Simplified kinematic model of the exoskeleton with coordinate systems and a transformation
between these systems. Depicted is the right arm reaching forward. The parameters of the
coordinate transformation ϕ, θ, ψ, and tk as well as the kinematic model parameters lu, l f , and
φ f need to be identified.

It is assumed that the placement of the Kinect, as well as the settings of the exoskeleton, may
change from day to day and therefore parameters need to be determined with a simple and fast
procedure through experimental system identification.

Figure 63 shows the simplified kinematic model of exoskeleton/arm with the global (exoskeleton)
coordinate system (xg, yg, zg) and the Kinect coordinate system (xk, yk, zk). Both are Cartesian
coordinate systems. Depicted is the right arm reaching forward. The model assumes that the
exoskeleton is entirely rigid and that the arm is perfectly aligned to the exoskeleton.

The forward kinematics is given by

pg
h(ϑu, φu, ϑ f ) = −(luR(ϑu, φu) + l f R(ϑu, φu)R(ϑ f , φ f ))ez. (57)

where pg
h is hand position in the global coordinate system, ez = [0, 0, 1]T is a unity vector, and

l f and lu are the lengths of the forearm and upper arm, respectively. The rotation matrix R is
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defined as follows:

R(ϑ, φ) :=

⎡
⎢⎣

cos φ cos ϑ − sin φ − sin ϑ cos φ

cos ϑ sin φ cos φ − sin φ sin ϑ

sin ϑ 0 cos ϑ

⎤
⎥⎦ . (58)

In the used set-up, the humeral rotation angle φ f of the shoulder is constant, as it represents a
fixed DoF, and its value is determined by the configuration of the exoskeleton.

Eq. (57) can be used to determine the hand position for a given set of exoskeleton angles. The
inverse kinematics can be obtained by numerically solving Eq. (57) to determine the angles ϑu, φu

and ϑ f for a given hand position pg
h within the reachable workspace and angle φ f . The solution

is unique as the humeral shoulder rotation angle φ f is fixed and the operational space for ϑ f is
limited by the mechanical constraints to [0, π].

The transformation from the Kinect coordinate system to the global coordinate system is visualized
in Fig. 63 and can be written as

pg = Rk(ϕ, θ, ψ)pk + tk (59)

with pg =
[

xg yg zg
]T

, pk =
[

xk yk zk
]T

, and where tk ∈ R3×1 is a translation vector, and

Rk ∈ R3×3 a rotation matrix which is parameterized by the Euler angles ϕ, θ, and ψ.

Parameter identification The parameters ϕ, θ, ψ, and tk of the coordinate transformation as well as
the kinematic model parameters lu, l f , and φ f are unknown and have to be calibrated for each
user and system use. Therefore, a procedure that is based on a system identification approach is
applied to determine the nine parameters. During the system calibration phase, the unlocked
exoskeleton with the arm attached is manually placed by a third person (e.g., the caregiver) at N
different positions in the reachable workspace which can be reached with the arm attached to the
exoskeleton. Since nine parameters need to be identified, N ≥ 9 must be fulfilled. The reachable
workspace is at first defined by the forward kinematics of the exoskeleton. However, this space
may be furthermore limited by insufficient FES-induced muscle force.

For each hand position i the corresponding joint angles (ϑu,i, φu,i,ϑ f ,i) are measured together with
the hand position vector

pk
h,i =

[
xk

h,i yk
h,i zk

h,i

]T
(60)

which is recorded by the environmental sensor in the Kinect coordinate frame.

The unknown parameter vector Θ =
[
lu l f φ f ϕ θ ψ tk

T
]T

is estimated by minimizing
a quadratic cost function

Θ̂ = arg min
Θ

(
1
2

N

∑
i=1

eieT
i

)
(61)

wherein

ei :=
(
−(luR(ϑu,i φu,i) + l f R(ϑu,i, φu,i)R(ϑ f ,i, φ f ))ez

)

                                                                                                                                      
pg

h,i,FK

−
(

Rk(ϕ, θ, ψ) · pk
h,i + tk

)

                                                          
pg

h,i,Kinect

(62)
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is the error between the hand position pg
h,i,FK, obtained by the forward kinematic model Eq.

(57), and the hand position pg
h,i,Kinect, obtained from the transformed Kinect measurements, both

in global coordinates. The minimization of the cost function is achieved by the Gauss-Newton
method with analytically calculated gradients.

5.5 Control System

All FES generated arm movements are initiated by commands received from the high-level control
system, the Central Controller (CC), which processes among others the information collected by
the eye-tracker. Possible CC movement commands are:

1. go to a desired 3D position,

2. change the angle of shoulder flexion/extension by a certain amount, and

3. change the angle of elbow flexion/extension by a certain amount.

Each command triggers a state-machine on the real-time control system to perform the actual
movement.

Based on the elementary movement commands outlined above, complex movement sequences are
possible by a combination of multiple commands issued in series. An example for the “Drinking”
use case is outlined in Fig. 64.

In the performed experiments described in Sec. 5.6, the hand movements were performed
voluntarily by the subject. In the complete MUNDUS system, two alternative solutions to support
hand functions have been proposed: a hand neuroprosthesis and a robotic hand orthosis [134].
The hand neuroprosthesis deploys a new stimulation system for array electrodes [182] to produce
precise finger movements.

It should be noted that the straight lines shown in the center of Fig. 64 do not represent the actual
trajectories of the hand. The actual generation of a movement between two points by the real-time
controller will be described in the next section.

5.5.1 Sequential real-time control strategy

The real-time control system internally controls the angles of the exoskeleton. Therefore, for all
commands issued by the CC, new angular references are determined by the real-time control
system in a first step. This calculation involves, if required, also stored old angular references
from the last movement and the inverse exoskeleton kinematics. The resulting reference angles of
the jth command are rj

ϑu
, rj

φu and rj
ϑ f

for the shoulder ab-/adduction, the shoulder horizontal
rotation, and the elbow flexion/extension, respectively.

Sequential feedback control is used to adjust the normalized stimulation intensities (pulse
charges) to drive the hand to desired positions in the reachable workspace. Each DoF is controlled
separately, one after the other while all other DoFs are locked by the exoskeleton brakes. This
sequential strategy results in an entirely decoupled system concerning crosstalk between the
DoFs. For this reason, a light model with few parameters can be used for each controller design
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Figure 64: The state automaton inside the MUNDUS Central Controller (CC) to realize the “Drinking”
use case starting from an arm rest position and returning to this position again. The states
(S3,S5,S7,S9,S10,S12,S14,S15), which are supposed to cause arm movements, trigger a state
machine inside the real-time arm FES control module (cf. Fig. 65). The references for the rest
position as well as for the mouth position may be stored in the MUNDUS CC as angular
references during the system calibration phase. The Kinect system determines the object position
online by tracking a green marker on the object handle.

which dramatically reduces the effort for parameter identification. Each movement to a given 3d
position is divided into three consecutive steps:

1. control of the shoulder flexion/extension,

2. control of the shoulder horizontal rotation and

3. control of the elbow flexion/extension.

The real-time arm FES controller is a hybrid control system combining a state automaton and
continuous-time feedback controllers to reach the desired angle separately for each DoF (cf. Fig.
65).

5.5.2 Shoulder flexion/extension control

For the shoulder flexion/extension, a discrete-time controller based on an identified pulse transfer-
function model is employed. The control design uses the well-known pole-placement method in
polynomial form [14]. For the jth activation of the controller, the relation between the stimulation
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Figure 65: The real-time arm FES control system shown realized as a hybrid system combining a state
automaton and continuous controllers: State transitions are indicated by bold black arrows,
while continuous signals are represented by colored thin arrows. Not shown are short periods
(states) between the activations of the individual controllers in which all brakes are locked, and
the respective initial stimulation intensities are adjusted for the next controller activation.

intensity vj
d,m of medial deltoid and the shoulder elevation angle ϑ

j
u can be approximately

described by a second-order autoregressive with exogenous input model‚ (ARX) model [109] of the
form

ϑ
j
u(k) =

B(q)
A(q)

vj
d,m(k) +

q2

A(q)
ej(k), vd,m ≤ vj

d,m(k) ≤ 1, k ≥ 0, (63)

wherein k is the sample index, ej(k) represents white noise, and

B(q) = b0,

A(q) = (q2 + a1q + a2)q4

are polynomials of the forward-shift operator q (qs(k) = s(k + 1)). This model possesses an
input-output time delay of six sampling instants, which can be observed in the recorded I/O
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data. The used sampling frequency is 25 Hz and corresponds to the stimulation frequency.
During the system calibration, the coefficients of the polynomials are estimated from a recorded
input step response (changing vd,m from (vd,m + 0.2(1− vd,m)) to (vd,m + 0.8(1− vd,m))) using the
instrumental variable method [109].

Based on this model, a polynomial controller of the form

vj
d,m(k) =

S(q)

R(q)(1 − q)

(
T(q)
S(q)

rj
ϑu

− ϑ
j
u(k)

)
(64)

is designed with the controller polynomials R(q), T(q) and S(q).

B(q)

A(q)

T(q)

S(q)

#ju(k)rj#u vjd,m(k)S(q)

(1� q)R(q)

Figure 66: The closed-loop system with discrete-time polynomial controller.

Fig. 66 shows the corresponding closed-loop system. The controller has integral action (term
(1 − q) in (64)). This enables the rejection of constant and slowly varying disturbances and
compensates the effects of muscular fatigue. The coefficients of the controller polynomials R(q)
and S(q) are chosen to obtain a desired characteristic polynomial

Acl(q) = (1 − q)R(q)A(q) + S(q)B(q) (65)

the roots of which correspond to the closed-loop system poles and should be stable and well
damped. For the given system and controller with integrator, the minimal degree controller is
given by deg(S) = 6, deg(R) = 5 and deg Acl = 12. A common approach is to factorize Acl(q) as
follows:

Acl(q) = Acl,1(q)Acl,2(q)q8. (66)

Herein, Acl,1(q) and Acl,2(q) are second order polynomials specified via the rise-time tr,i and
damping the factor Di (i = 1, 2) of corresponding continuous-time second-order system. Eight of
the twelve closed-loop poles are located at the origin (the fastest possible mode in discrete-time).
The pre-filter polynomial is set to

T(q) = Acl,2(q)q4Acl,1(1)/B(1). (67)

This yields a unity DC gain from the reference input rj
ϑu

to the system output ϑ
j
u . Furthermore,

it cancels six closed-loop poles defined by Acl,2(z)z4. The resulting transfer behavior of the
closed-loop is then:

ϑ
j
u(k)

rj
ϑu
(k)

=
T(q)B(q)

Acl(q)
=

Acl,1(1)B(q)
q4Acl,1(q)B(1)

. (68)

As a result, only the poles defined by the roots of z4Acl,1(z) influence the system behavior with
respect to changes in the reference signal while the disturbance rejection and noise properties of
the closed-loop system are depending on all closed-loop poles defined by Eq. (66). At first, the
rise-time and damping factor for Acl,1 are selected to obtain a desired reference tracking behavior.
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Figure 67: Implementation of the shoulder extension/flexion controller including an anti-windup observer
with R(q) = (1 − q)R(q), a trajectory generator, and an adjustable initial stimulation
intensity vj

d,m,init. The parameters of the saturation function are vj
d,m = 1 − vj

d,m,init and

vj
d,m = vd,m − vj

d,m,init for vd,m ≤ vj
d,m,init ≤ 1.

Then the rise-time and damping factor of Acl,2 are iteratively tuned to yield satisfactory noise
sensitivity and disturbance rejection (verified by frequency response plots of the sensitivity and
the complementary sensitivity function). In this study, for all subjects tr,1 = 0.6 s, tr,2 = 0.5 s and
a damping factor Di = 0.999 for both polynomials was chosen.

The final controller implementation, shown in Fig. 67, takes the following additional aspects into
account:

1. Controller initialization to apply a given constant initial stimulation intensity vj
d,m(0) =

vj
d,m,init.

2. Generation of a smooth reference trajectory rj
ϑu , f (k) that guides the arm from the initially

measured angle ϑ
j
u(0) to the given target angle rj

ϑu
of the activation j.

3. Avoidance of integrator windup for control signals violating the constraint vd,m ≤ vj
d,m(k) ≤

1 by using the standard anti-windup scheme proposed in [14] with the anti-windup observer
polynomial Aaw(q) = Acl,2(q)q4 .

The initial stimulation intensity vj
d,m,init is adjusted to avoid undesired movements when the

controller is activated. Thus, before the controller activation and the consequent brake release,
the stimulation intensity is increased up to the value which was used before locking the DoF. The
ramp-up period lasts about 1.5 seconds. Furthermore, to avoid unwanted initial transients caused
by the controller transfer functions, the initial joint angle ϑ

j
u(k = 0) is acquired at controller

activation and then subtracted from the joint angle measurement ϑ
j
u(k) and the output of the

trajectory generator.

Trajectory generation To obtain smooth shoulder flexion/extension movements, the reference
trajectory rj

ϑu , f (k) for each activation j is chosen to be a sinusoidal reference path starting at ϑ
j
u(0)
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and converging to the desired target angle rj
ϑu

:

rj
ϑu , f (k) =

⎧
⎪⎪⎨
⎪⎪⎩

ϑ
j
u(0) for 0 ≤ k < N1

1
2

(
1 − cos

(
πk−N1

2N

))
· (rj

ϑu
− ϑ

j
u(0)) + ϑ

j
u(0) for N1 ≤ k ≤ N2 = N1 + N

rj
ϑu

for k > N2 = N1 + N

.

The parameter N1 = 69 describes the number of samples (corresponding to 2.76 s) before the
sinusoidal shape starts and N denotes the number of samples for the transient part of the
trajectory and is set to 150 (corresponding to 3 s). After the sample N2 = N1 + N, the reference
trajectory is equal to rj

ϑu
and the controller will be deactivated and the brake locked if one of the

following conditions is fulfilled:

• The absolute error |rj
ϑu

− ϑ
j
u(k)| is less than one degree.

• The control signal vj
d,m(k) was continuously saturated for more than two seconds.

• The controller was active for more than 15 seconds (time-out event).

Once the target is reached, the controller of the shoulder flexion/extension is deactivated, and
the last value of stimulation used is stored.

5.5.3 Shoulder horizontal rotation control

The control of the shoulder horizontal rotation involves the stimulation of the anterior (for inward
rotation) and the posterior (for outward rotation) deltoid. Thus, the following switching control
law is used

vj
d,a =

{
uj

r i f uj
r > 0

0 i f uj
r ≤ 0

vj
d,p =

{
−uj

r if uj
r < 0

0 if uj
r ≥ 0

, (69)

which introduces a mapping of one single virtual actuation variable uj
r ∈ [−1, 1] to the two

stimulation intensities vj
d,a and vj

d,p for the jth controller activation.

The virtual actuation variable uj
r is the output of an integral controller with constant integration

slopes, given by

uj
r(k + 1) = sat

−1,1

(
uj

r(k) + cr sgn(rj
φu − φ

j
u(k))

)
, uj

r(0) = 0

wherein the positive gain cr is set to 0.033 (yielding a rise time of 83% per second in the normalized
stimulation intensity) in this study. To avoid integrator windup, a saturation function

sat
b1,b2

(x) :=

⎧
⎪⎨
⎪⎩

b1 if x ≤ b1

x if b1 < x < b2

b2 if b2 ≤ x
(70)

is used in the integral control law. This prevents the integrator from exceeding the constraints for
the actuation variable.

123



Conditions for the deactivation of the controller and the subsequent locking of the brake are in
analogy to the ones given in Sec. 5.5.2.

5.5.4 Elbow extension/flexion control

The control of elbow extension/flexion is similar to the shoulder horizontal rotation control, but
only one muscle, the biceps, is stimulated to induce elbow flexion. Gravity causes downward
movements of the forearm (extensive movements). The stimulation intensity will be linearly
increased/decreased with the slope rate 0.0062 (yielding a rise time of 15.7% per second in the
normalized stimulation intensity) in each sampling instance until the desired angle is achieved.
The following integral controller, which also includes an anti-windup strategy, is used:

vj
b(k + 1) = sat

0,1
(vj

b(k) + ce sgn(rj
ϑ f

− ϑ
j
f (k))), vj

b(0) = vj
b,init. (71)

Herein, j represents the jth activation of the controller again. The initial stimulation intensity
vj

b,init is adjusted to prevent the forearm from rapidly falling when the controller is activated and
the brake released.37. Thus, before activating the controller, the stimulation intensity is increased
up to 50% of the stimulation intensity achieved at the end of the previous activation phase of the
elbow controller. The ramp-up phase lasts one second.

Conditions for the deactivation of the controller and the subsequent locking of the brake are in
analogy to the ones given in Sec. 5.5.2.

5.6 Validation of the Control System

The control system was validated in five healthy subjects (three female and two male), aged 29-40

years old (mean 34.5 ± 5.3). Average weight was 61 ± 17 kg. The “Drinking” task was selected to
evaluate the performance of the system. Each subject was asked to be completely relaxed during
the arm movements, which were entirely generated by the system. He/she was asked to grasp
and release the cup voluntarily. Each subject repeated the trial five times. Before the beginning
of the trials, the exoskeleton, as well as the amount of gravity compensation, were adjusted to
the anthropometric measures of each subject. Then, the system was calibrated performing the
following steps:

• to set the stimulation parameters (Sec. 5.3),

• to determine the parameters of the kinematic model and coordinate transformation (Sec.
5.4),

• to tune the discrete-time controller of the shoulder flexion/extension by means of an
experimental session aimed at model identification (Sec. 5.5), and

• to teach-in the rest position and the in-front-of-mouth position.

The experimental protocol was approved by the ethical committee of the Valduce Hospital (Italy)
where the validation trials have been performed. All subjects signed a written informed consent.

37The stimulation intensity is only increased to 50% instead of 100% to ensure that the hereby induced muscle contraction
does not lead to an unwanted flexion movement when releasing the brake. This behavior was observed in pre-
investigations in which the stimulation intensity was initially set to 100 %.
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Table 5: Mean positioning errors along with their standard deviations in xg/yg/zg-direction for five
“Drinking” task sequences per subject measured via the exoskeleton sensors and via Kinect.

mean positioning errors (SD) in xg/yg/zg-direction [cm]
subject RMS

[cm]
error of

all positions mouth object

(healthy) kinematic
model
calibra-
tion

via exo via Kinect via exo via Kinect via exo via Kinect

A 0.4 0.4(1.8)/
-0.1(0.8)/
-0.1(2.1)

1.0(2.2)/
-0.0(1.2)/
1.4(2.5)

-0.3(0.5)/
-1.3(0.2)/
1.0(0.3)

1.3(0.6)/
-0.6(1.0)/
0.8(1.0)

-0.4(0.9)/
-0.8(0.5)/
-2.5(1.6)

0.0(0.7)/
-0.9(0.7)/
-1.1(0.9)

B 1.8 0.6(7.9)/
1.8(4.8)/
-0.2(3.2)

-1.4(6.7)/
3.0(4.3)/
2.0(3.9)

-4.8(5.9)/
-0.1(1.2)/
0.8(2.0)

-0.38(1.3)/
1.0 (1.3)/
-0.1(5.0)

-5.5(5.1)/
0.4(0.7)/
1.3(2.0)

-5.6(2.1)/
2.1(0.6)/
5.1(2.8)

C 1.4 -1.4(9.7)/
1.3(3.9)/
-2.1(3.6)

-3.2(9.1)/
1.5(3.9)/
1.4(3.9)

1.3(1.2)/
-0.6(0.2)/
-0.3(0.3)

-5.0(1.0)/
1.2 (1.4)/
-3.0(1.0)

-9.6(2.1)/
1.8(1.4)/
-1.3(3.8)

-8.6(1.4)/
2.0(1.1)/
2.0(2.0)

D 1.4 -0.1(4.8)/
-0.6(1.4)/
-0.4(1.9)

-0.7(5.4)/
-1.5(3.5)/
4.5(3.3)

-0.4(0.3)/
-2.1(0.4)/
0.2(0.3)

-3.4(0.6)/
-8.9(0.9)/
4.2(0.3)

-6.3(10.0)/
-0.8(0.4)/
-2.3(0.2)

-6.5(9.2)/
0.1(0.3)/
1.3(0.6)

E 1.7 -1.0(6.9)/
1.3(4.0)/
0.6(2.6)

-2.8(5.1)/
2.4(3.8)/
3.2(4.0)

2.5(1.3)/
-1.1(0.2)/
-0.7(0.1)

-5.5(1.5)/
-0.9(0.3)/
-3.7(0.1)

-12.6(0.5)/
1.3(0.2)/
2.1(0.3)

-7.0(3.1)/
2.5(0.4)/
5.1(0.5)

To evaluate the performance of the system, the positioning error between the target position
and the entered position at the completion of each movement command was computed for the
hand positions 1 to 8 shown in Fig. 64. Two sets of positioning errors were calculated since two
different methods were used to derive the actual position in the global coordinate system: (1) the
measured angles were applied to the forward kinematic model; (2) the actual position measured
by the Kinect was transformed into the global coordinate system. Furthermore, the time needed
to execute all movement commands during the “Drinking” task was computed.

5.7 Results

Fig. 68 exemplarily shows the recorded angles together with their current references (bands), the
applied stimulation intensities and the states of the brakes. Vertical, dashed lines separate the
time periods of the controlled arm movements that have been introduced and numbered in Fig.
64. The control system is performing well in moving the arm such that the joint angles are close to
the reference angles. However, in this example, an unwanted slipping of the horizontal shoulder
brake can be observed after 43, 80, 92 and 106 seconds that causes the shoulder horizontal rotation
angle φu to drift away from the previously realized target angle. Fig. 69 shows the desired arm
posture at the end of every controlled arm movement in comparison to the real arm position
achieved by the FES. The error caused by slipping is visible for the time points 2∗, 4∗, 6∗ and 7∗,
which represent the end time points of the corresponding movements defined in Fig. 64.
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Figure 68: Exemplary results of the application of the developed control system to one healthy subject. The
transient behavior for one trial of the described “Drinking” task is shown. The numbers on the
vertical dashed lines in the third subplot indicate the begin (without star) and end (with star)
of the eight arm movements defined in Fig. 64. In the first subplot, the active reference angles
(bold colored lines with black surrounding) are shown along with the measured angles. In the
figure, the colors blue, green and red correspond to the elbow joint, shoulder flexion/extension
and shoulder horizontal rotation, respectively. In the middle subplot, the applied stimulation
intensities are presented. The state of each brake is plotted in the bottom subplot. An individual
controller for one DoF is only active for time periods in which a reference trajectory is plotted
for the corresponding angle. Theoretically, angles should not change in periods in which no
corresponding reference trajectories are plotted due to active brakes.

The five trials of the “Drinking” task were successfully performed by all subjects. For each
subject, Table 5 reports the mean and standard deviation values of the position errors in xg/yg/zg-
directions obtained over the five trials of the “Drinking” task. The controller performance obtained
in the two most important reaching subactions, i.e., reaching the object and reaching the mouth,
and the overall performance obtained by averaging the results obtained in all of the eight target
positions are shown in Table 5. The Euclidian norm (i.e., mean distance error) of the mean
positioning error vectors has been calculated from data in Table 5 and is reported in Table 6.
The mean distance error for all subjects and positions was less than two centimeters when using
the exoskeleton angles to determine the hand position. Based on the Kinect measurements, the
observed mean distance error is still smaller than five centimeters. For the majority of subjects
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Figure 69: Static arm postures for one trial of the described “Drinking” task. Shown are the desired arm
postures and the obtained ones for the end of the eight arm movements defined in Fig. 64. The
upper body is indicated in green while the right arm is pointing forwards. The table in front of
the subject is illustrated in blue.

(B-E), a relatively large mean (systematic) error in the xg-direction of up to twelve centimeters
can be observed for the object position (cf. Fig. 64), resulting in a mean distance of about
eight centimeters (see Table 6). Subject D obtained a large standard deviation for the object
positioning error in xg-direction (see Table 5). A larger discrepancy between the errors based on
the exoskeleton sensors and the Kinect can be observed for the mouth position for the subjects
C-E.

In addition to the positioning error analysis, the model-fit of the identified kinematic model and
coordinate transformation is investigated for each subject. For the twelve positions chosen during
the kinematic model calibration, the RMS of the distance errors between the positions calculated
by the identified kinematic model and those obtained by transforming the Kinect measurements
into the global frame was calculated (see Table 5).

For the five trials, the mean values of the observed time durations for all submovements and
each subject are reported in Table 7. Each submovement is indicated by a number previously
introduced in Figure 64. Additionally, the mean values for the total time required to complete
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Table 6: Euclidean norm (distance) of the mean positioning error vector given in Table 5.

Euclidean norm of the mean positioning error vector [cm]
subject all positions mouth object
(healthy) via exo via

Kinect
via exo via

Kinect
via exo via

Kinect
A 0.4 1.7 1.7 1.7 2.7 1.4

B 1.9 3.8 4.9 3.9 5.6 7.8

C 2.8 3.8 1.5 5.9 9.9 9.1

D 0.8 4.8 2.1 10.4 6.8 6.7

E 1.8 4.9 2.8 6.7 12.9 9.0
mean (SD) 1.5 (1.0) 3.8 (1.3) 2.6 (1.4) 5.7 (3.3) 7.6 (3.9) 6.8 (3.2)

Table 7: Mean time durations along with their standard deviations for each submovement defined in Fig.
64 and each subject.

sub movement mean time durations (SD) [s] for the subjects A-E mean [s]
A B C D E

1 11.2 (0.16) 7.8 (0.22) 13.1 (1.08) 8.4 (0.17) 9.2 (0.27) 9.9

2 7.5 (0.24) 6.0 (0.35) 4.5 (0.05) 8.5 (0.50) 6.0 (0.11) 6.5

3 12.2 (0.39) 11.9 (1.26) 15.6 (0.60) 11.7 (0.14) 16.8 (0.90) 13.6

4 2.3 (0.05) 12.5 (0.49) 5.2 (0.79) 1.7 (0.04) 10.1 (0.40) 6.4

5 10.1 (0.76) 9.6 (0.51) 12.1 (0.71) 13.0 (0.81) 10.1 (0.73) 11.0

6 7.9 (0.57) 3.1 (0.93) 4.9 (0.51) 5.5 (0.29) 3.7 (0.25) 5.0

7 8.2 (0.20) 12.2 (0.61) 9.6 (0.57) 9.4 (0.22) 10.8 (0.91) 10.0

8 9.1 (0.42) 9.7 (0.61) 7.9 (0.15) 6.6 (0.29) 11.6 (0.78) 9.0

mean of total time
duration (SD)
for five trials [s] 68.3 (2.3) 72.8 (7.8) 73.1 (13.5) 64.8 (8.7) 78.3 (11.1) 71.4 (5.1)

a full “Drinking” task (including only time durations wherein the controller is activated) are
reported per subject. The average time for the execution of all eight arm movement commands
during the “Drinking” task was 71.4 seconds. The total time for donning the system on and for
calibration was less than ten minutes for every subject (the calibration alone requires about two
minutes).

5.8 Discussion and Conclusions

The experimental evaluation showed that the feedback control of the hybrid FES-exoskeleton
system is feasible. Compared to the results presented in [49], no learning phase was required to
achieve the desired functional movements. The evaluation shows that it is possible to support the
user in performing the “Drinking” task.
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The observed small positioning errors at the mouth might be corrected by minor head movements
to allow the drinking from the cup by means of a straw. When positioning the hand above the
object (i.e., the cup handle), larger deviations in y-direction were observed. But due to the large
dimension of the cup handle, the ability to grasp the handle was not restricted. The limited
accuracy for placing the hand at objects restricts the possible size and number of objects on the
table. Reasons for the observed errors are diverse. One major problem observed is the limited
braking torque of 2.5 Nm for the shoulder horizontal rotation that sometimes cannot prevent
unwanted slipping for this DoF. Despite the careful placement of the stimulation electrodes, it
cannot be avoided that a stimulation of the Deltoid, medial head, generates besides a desired
shoulder extension moment also an unwanted shoulder horizontal rotation moment. If the latter
exceeds the torque of the locked horizontal shoulder rotation brake then slipping for this DoF
occurs. With the arm pointing forward, an error in the shoulder horizontal rotation leads to a
large hand error in the xg-direction, especially for the extended arm. In future, the use of more
elaborated control systems, e.g., the one presented in Chapter 6 of this thesis might be used to
reduce the limbs velocity when approaching the desired joint angle to prevent slipping. Another
solution is to improve the brake torque by re-designing the exoskeleton. Even when moving
to a position given in Cartesian coordinates, the real-time control system is based on angular
control. The position errors determined by the exoskeleton angles, therefore, reveal errors purely
related to the control system. The errors determined by the Kinect measurements take problems
related to the used kinematic model and coordinate transformations additionally into account.
The current controller design assumes that the exoskeleton/arm-combination represents a rigid
body system. This is certainly not perfectly true in reality. Moreover, for the calibration of the
kinematic model and the coordinate transformation, the arm/hand was moved by an assisting
person to twelve arbitrary chosen different positions in the workspace. Compared to the later
use with FES, no loading/deformation of the exoskeleton by the arm weight took place. Any
deviation from the rigid body assumption causes a position error due to the use of an incorrect
forward kinematics. Such errors can only be detected by an external measurement system, like
the Kinect, and not by the exoskeleton’s internal angle sensors. The larger errors computed
from the Kinect measurements compared to the ones derived from the exoskeleton sensors are
therefore an indicator that the rigid body system assumption is not perfectly true.

A shortcoming of the developed system is that elbow extension and shoulder flexion are only in-
duced by gravity. This requires a carefully adjusted weight compensation. Any overcompensation
of the weight could drive the arm movement into a deadlock.

Advantages of the used control strategy are its robustness and its simple adaptation to new
users/sessions. Only a simple single-input single-output dynamical model needs to be identified
for the adaptation of the controller. For all subjects, the same tuning parameters, like rise times
and damping factors, have been used for the automatic design of the shoulder extension/flexion
controller. In addition to this, the same gains have been applied to the controllers of shoulder
horizontal rotation and elbow flexion/extension in all subjects. Due to automated and guided
procedures, the system can be set up in a few minutes for the individual user allowing the
operation by clinicians and caregivers. All individual FES controllers for the three DoFs include
an integrator which allows for the compensation of muscular fatigue as long as the stimulation
intensities do not saturate. No deterioration of control performance could be observed for the
healthy subjects over the five performed trials and from day to day. All these advantages have to
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be paid by the fact that the movements do not look very physiological and movement sequences
are not time optimal (cf. Table 7). However, it is expected that this fact is not so crucial for final
users and that the guaranteed functionality might overweight the timing issue for this assistive
technology. The personal experience in performing all movements utilizing the own muscles
is the major advantage compared to robotic approaches for the assistance of reaching function
(e.g., [117]). Regular use of the proposed arm neuro-prosthesis and consequently of the patient’s
musculature is expected to be health promoting. It will increase muscle strength and might also
improve cardio-vascular fitness.

In summary, a feedback-controlled hybrid FES-exoskeleton which does not require any residual
function at the shoulder and arm level was developed. By combining FES with the passive
exoskeleton for partial arm weight support, muscular fatigue can be significantly reduced as the
required amount of muscular force is smaller compared to movements without weigh support.
The use of electrically lockable joints reduces the onset of muscular fatigue even further as no
muscle function is required to hold the desired position.

The presented study was focusing on the achievable control system performance, which was
expected to be maximal for healthy individual due to non-atrophied muscles and the absence of
spasticity. During the development of the system, a first test involving one incomplete SCI subject
(C4/C5) was performed and showed that the system supported the subject in reaching a cup and
bring it to the mouth. The results of this test have been previously published [135]. Tests of the
feedback controller on a group of SCI subjects must be performed to observe the feasibility of
the system in supporting daily life activities. To obtain successful results, an initial conditioning
phase to assure that FES can induce some muscle force, and a longer familiarization phase with
the system, are envisaged.
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6
J O I N T A N G L E C O N T R O L I N A N TA G O N I S T I C

M U S C L E PA I R S

To improve the control of shoulder horizontal movements in completely paralyzed people, a
non-linear, model-based control strategy for torque generation by antagonistic muscle pairs is
presented. The controller is based on exact linearization methods and enables the tracking of
reference joint torque profiles and the generation of pre-defined muscular co-contractions.

The static recruitment functions of both muscles in an antagonistic pair include a threshold
at a certain stimulation level. In the control of movements not acting against gravity – like in
the case of shoulder horizontal movements – typically small levels of muscle contractions are
sufficient to generate even fast limb movements.38 In such cases, this threshold level may be only
marginally below the range of stimulation that a control system uses to generate these slight
muscle contractions. As the threshold level may also vary in time due to muscle fatigue, the
stimulation effect is difficult to predict for such low stimulation intensities. This variation in
time especially reduces control performance, as this threshold enters the initially determined
operational stimulation range of the controller, which renders the typical assumption of linearity
to be invalid.

To also control small co-contraction forces, this activation threshold parameter has to be known
exactly for both muscles, as otherwise, the control system has no information whether the muscle
is contracted or whether the actuation variable is just acting below the threshold without any effect.
Because this parameter is time-varying, an online identification would be required. However, this
is rather difficult when only the resulting torque by both muscles is available indirectly through
joint angle measurements. To compensate these effects and to linearize the uncertain recruitment
behavior, recruitment control (cf. Chapter 3) is applied to both muscles.

In this chapter, a strategy for modulating the desired accelerating torque along with a co-
contraction torque by a linearizing controller is presented. This controller acts on top of two
recruitment (λ) control loops for each muscle respectively. The linearizing controller is based on
system inversion for discrete-time systems. Since the signals for the actuation of each muscle are
constrained to be positive, an extension to the linearizing controller is investigated that guarantees
exact inversion with regard to the accelerating torque at the cost of a temporarily increased
co-contraction torque. For demonstrating this concept, a linear joint angle controller acting on top
of the linearizing controller is designed.

The methods and results presented in this chapter have been previously published as listed below.

• A model and the corresponding parameter identification for the shoulder horizontal rotation
in combination with a passive exoskeleton for gravity compensation are published in

[174] P. Spagnol, C. Klauer, F. Previdi, J. Raisch, and T. Schauer. “Modeling and Online-

38Please recap Fig. 8 that illustrates the described issues.
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Identification of Electrically Stimulated Antagonistic Muscles for Horizontal Shoulder
Abduction and Adduction”. In: Proc. of the European Control Conference 2013. Zürich,
Switzerland: IEEE, 2013, pp. 3979–3984. isbn: 978-3-033-03962-9. The main work was
performed by Pierfrancesco Spagnol, under my supervision.

• The control method, simulation results, and the results for one healthy subject are published
in

[86] C. Klauer, J. Raisch, and T. Schauer. “Nonlinear Joint-Angle Feedback Control of
Electrically Stimulated and Lambda-Controlled Antagonistic Muscle Pairs”. In: Proc. of
the European Control Conference 2013. Zürich, Switzerland: IEEE, 2013, pp. 3101–3107. isbn:
978-3-033-03962-9.

The following publications, in which I was involved, are related to this chapter:

• Pre-investigations (not described in this thesis) on shoulder horizontal movement control
using antagonistic muscle pairs with PD-control without co-activation are presented in

[184] C. Vidaurre, C. Klauer, T. Schauer, A. Ramos-Murguialday, and K.R. Müller. “EEG-
based BCI for the Linear Control of an Upper-Limb Neuroprosthesis”. In: Medical Engineer-
ing & Physics 38.11 (2016), pp. 1195–1204. doi: 10.1016/j.medengphy.2016.06.010.

• Open-loop investigations (research going beyond the scope of this thesis) on how recruitment-
controlled co-activations modulate joint impedances and improve the smoothness of motion
are given in

[153] M. Ruppel, C. Klauer, and T. Schauer. “Towards a High Motor-Precision Neuropros-
thesis by Recruitment-Controlled Antagonistic Muscle Co-activation Strategies”. In: Abstract
in Proc. of the 6th European Conference on Technically Assisted Rehabilitation – TAR 2017. Berlin,
Germany, 2017

and

[152] M. Ruppel, C. Klauer, and T. Schauer. “Enhancing the smoothness of joint motion
induced by functional electrical stimulation using co-activation strategies”. In: Current Direc-
tions in Biomedical Engineering 3.2 (2017), pp. 155–159. issn: 2364-5504. doi: 10.1515/cdbme-
2017-0033.

Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. 6.1 to Sec. 6.6 are based on [86]. Slight modifications of the
text and the figures were performed. The Figures 74 and 78 were added.

6.1 Experimental Set-up

The used set-up is shown in Fig. 70 and consists of a passive exoskeleton (Armeo Spring, Hocoma
AG, Switzerland) for weight compensation that includes angle sensors, a stimulation system
(RehaStim, Hasomed GmbH, Germany), a 24-bit EMG-amplifier (PhysioSense, developed at
TU Berlin), an inertial motion unit (IMU) (RazorIMU 9DoF, Sparkfun, United Kingdom), and a
PC running Linux with RT-Preemption-Patch. All devices are connected to the PC through USB
interfaces.

132

https://doi.org/10.1016/j.medengphy.2016.06.010
https://doi.org/10.1515/cdbme-2017-0033
https://doi.org/10.1515/cdbme-2017-0033


The subject’s arm is placed inside the exoskeleton as shown and the arm movement is limited to
shoulder horizontal flexion and extension movements. The corresponding angle ϑ is defined as
shown in Fig. 70. This angle and its first-time derivative are determined by fusing the outputs of
the exoskeleton angle sensors and the IMU information.
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Figure 70: The experimental set-up involving an exoskeleton (Armeo Spring, Hocoma AG, Switzerland;
only the principle is shown in this figure) that keeps the arm elevated at approximately 90◦ by
a spring-based weight compensation. The spring mechanism does not hinder movements in
ϑ-direction. Recruitment controlled stimulation is applied to the anterior and posterior deltoid
that produce the torques T1 and T2, respectively.

Current-controlled stimulation impulses are applied through self-adhesive hydro-gel electrodes
(ValuTrode R⃝ CF4090 (4x6 cm), Axelgaard Manufacturing Co., USA) at a stimulation frequency of
28 Hz. The anterior part of the deltoid muscle is stimulated to cause shoulder horizontal extension.
Horizontal flexion is produced by stimulation of the posterior part of the deltoid muscle. Signals
related to flexion and extension will be denoted by the indices 1 and 2, respectively. For EMG
measurement at the stimulated muscles, smaller AgCl electrodes (Ambu Neuroline 720, Ambu
A/S, Denmark) are placed between each pair of stimulations electrodes. The FES-evoked EMG
(eEMG) is recorded at a sampling rate of 4 kHz.

At the time when the experiments for the algorithms presented in this section were conducted,
the automatic calibration routine for the recruitment controller has not been developed so far.
Instead, a manual tuning of the filter parameters was performed.

For both muscles, the eEMG is filtered as described in Sec. 3.2.3 yielding λ̂i, i = 1, 2,. Herein, the
filter parameters were not determined by the optimization procedure but instead fixed to N1 = 8
and N2 = 20 (cf. Sec.3.4.1). Two λ-controllers, as introduced in Sec. 3.3, automatically adjust the
stimulation intensity (pulse charge) to generate the desired recruitment levels rλi , i = 1, 2.39 The
parameter cλ is manually tuned such that the step-response of the resulting closed-loop behavior
yields a rise-time of approximately 6 sampling instants.

39Two-channel recruitment control as described in Sec. 3.7 was not available at the time the experiments yielding the
presented results were performed. However, by placing the EMG electrodes in between the stimulation electrodes
with small spacing, crosstalk between the individual muscle portions is reduced and, hence, the use of two separate
recruitment controllers is at least feasible.
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6.2 Neuro-Musculoskeletal Model

To describe the joint angle dynamics with FES actuation, the model as presented in Sec. 2.6 is
extended to two muscles and a second-order mechanical system is assumed. This model along
with methods for parameter estimation has been developed in corporation with Pierfrancesco
Spagnol and is described in [174]. The used model is illustrated in Fig. 71 and includes the
underlying closed-loop recruitment control system, the activation dynamics, the dependency
muscle fiber stretching described by the functions f1 and f2, and a biomechanical system.

Gm(q−1)

Gm(q−1)

Hλ,1(q−1)

Hλ,2(q−1) H

H
ϑ̈ = 1

J
[
T − Rmϑ̇− Kmϑ

]
Tcc = min(T1,−T2)

T = T1 + T2

T1 ≥ 0

T2 ≤ 0 resulting torques mechanical system

σ1 ≥ 0

σ2 ≥ 0
f2(ϑ) =
ks,2(ϑmax,2 − ϑ)

ks,1(ϑmax,1 − ϑ)
f1(ϑ) =

dynamics
activationclosed loop

λ-Control

rλ1

rλ2

λ1 ≥ 0

λ2 ≥ 0

zero order hold

T

Tcc

ϑ

ϑ ∈]ϑmax,2, ϑmax,1[f1 > 0

f2 < 0

Figure 71: The model used for controller design involving the closed loop dynamics of recruitment control,
a model for each muscle, and a biomechanical model. Please note that the muscle recruitment
function is internally compensated by recruitment control such that its determination might be
skipped.

6.2.1 Muscle model including λ-controller

The muscular model part, which also includes the closed loop of the λ-controller as shown in
Fig. 72 describes the generated torque Ti for each muscle i, respectively. Because the muscles
are λ-controlled, the inputs are the references for the recruitment levels. Internally, the λ-control
systems adjust the stimulation intensities vi of each muscle i such that the muscular recruitment
levels λi follow their references rλi . Hereby, integral controllers are used to control the one step
delayed output of the recruitment functions rci (the estimated muscular recruitment λ̂). These
functions commonly consist of a threshold, a saturation, and an approximatively linear behavior
in between. For the ongoing control design, the resulting closed-loop systems are assumed to be
linear, whereby the reference to output behaviors are then described by the transfer functions
Hλi

40.

Each λ-Controller gain is manually tuned to obtain a rise time of approximately 6 time-instants
in the step response of the closed loop. The ability to compensate for muscular fatigue and time
variant thresholds in rci was shown in Chapter 3.

The activation dynamics Gm models the dependency of the muscle activation σi on λi. The
recruitment λi, its reference rλi , the stimulation intensity vi, and the muscular activation σi are
constrained to be non-negative. The calcium dynamics can be approximated by a continuous-time
transfer function of first order without zeros and a time delay Tmd [174]. The transfer function is
time discretized using Euler discretization:

G∗
m(q

−1) = 1/(sTca + 1)|s=(1−q−1)/Ta
.

40In contrast to the notation T for the closed loop of recruitment control as introduced in Chapter 3, within this chapter
Hλi is preferred as it improves the readability.
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Gmλ-controller

q−1

vi
rλi λi

Hλi

rci(v)
Ti

fi(ϑ)
σi

λ̂i

Figure 72: The model for one λ-controlled muscle path. Given a reference rλi for the muscular recruitment
λi, the controller adjusts the stimulation intensity vi. The nonlinear recruitment function
rci describes the recruitment. The resulting closed loop Hλi has an approximatively linear
dynamics. The calcium dynamics Gm models the dependency of the muscular activation σi on
λi. The muscular torque Ti is then determined by the multiplication of the angle-dependent
function fi with σi.

Herein, q−1 is the backward shift operator and Ta = 36 ms the sampling period. The approxima-
tive time constant Tca = 0.04 s is chosen with reference to [149]. The time delay Tmd of the calcium
dynamics is approximated by a delay of two sampling steps (q−2), which matches to measured
data quite well. The closed loop systems Hλi are discrete-time first-order systems without dead
time and zeros cf. Sec. 3.3.

Finally, the muscular torque Ti is then determined by the multiplication of the function fi with σi.
The function fi linearly depends on the joint angle and is modeled by

fi(k) = ks,i(ϑmax,i − ϑ(k)).

The parameters ϑmax,i represent the boundaries of the operational angular space ϑ ∈ [ϑmax,2, ϑmax,1]

and describe reachable joint angles. The gains ks,1 and ks,2 are strictly positive, which results in
f1 ≥ 0 and f2 ≤ 0 and further in T1 ≥ 0 and T2 ≤ 0, respectively because of σi ≥ 0.

Later on, for the linearizing controller designed, the slightly more conservative constraints
f1 > 0 and f2 < 0 must be applied. Therefore, the valid range for the joint angle is reduced to
ϑ ∈]ϑmax,2, ϑmax,1[.

The total muscle model is then described by

Ti(k) = ks,i(ϑmax,i − ϑ(k))                                        
fi(k)

· q−2(1 − a)
1 − aq−1
                      
q−2G∗

m(q−1)

· 1 − bi

1 − biq−1
                

Hλi
(q−1)

rλi (k) (72)

where k is the sampling index. The parameters a ∈ [0, 1[ and bi ∈ [0, 1[ lead to an asymptotically
stable system.

6.2.2 Resulting acceleration and co-contraction torque

For describing a torque T that leads to an acceleration of the mechanical system (arm) and to a
co-contractive torque Tcc, which describes the amount of co-contracting torques in an antagonistic
muscle pair, a transformation between both muscular induced torques Ti and the resulting torques
T and Tcc is introduced.
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The accelerating torque T is given by the operation

T (T1, T2) := T1 + T2, T1 ≥ 0, T2 ≤ 0. (73)

The co-contraction torque Tcc ≥ 0 is obtained by the following operator:

Tcc(T1, T2) := min(T1,−T2). (74)

The inverse transformation operator T I
1 is then

T I
1 (Tcc, T) :=

{
Tcc + T T ≥ 0
Tcc T < 0

, (75)

and analog

T I
2 (Tcc, T) :=

{
−Tcc T ≥ 0
−Tcc + T T < 0

. (76)

Using these operators, the torques T and Tcc are then described by

T(k) = T (T1(k), T2(k)),

Tcc(k) = Tcc(T1(k), T2(k)).

6.2.3 Mechanical model

The inputs to the mechanical model are the resulting torques T and Tcc. Because of the one-
dimensional movement, a second-order system including the viscous friction Rm and the elasticity
Km is used. The differential equation in terms of the joint angle ϑ is given by

ϑ̈ =
1
J
[
T − Rm(Tcc)ϑ̇ − Km(Tcc)ϑ

]
. (77)

Herein, a modulation of the mechanical impedance by the co-contraction torque Tcc is assumed.
In this case, the parameters for the viscous friction Rm and the elasticity Km depend on Tcc. The
design of a model for these functions would go beyond the scope of this thesis and forms future
research topics. Therefore, for controller design, this modulation of the system properties is
neglected, and only the constants obtained through system identification for zero co-contraction
are used.

The complete model including the λ-controlled muscles and the mechanical system is presented
in Fig. 71. The mechanical model as described in [174], also accounts for a static friction term,
which is neglected in this work.

6.3 Linearizing Controller

The multiplication inside the muscle models with the internal feedback signal fi leads to a
non-linear system behavior. Since the mechanical system is already linear, only the muscular part
that contains the multiplication is linearized. Therefore, a state-space representation of (72) is
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derived with λi = q−1λi:

λi(k + 1) = biλi(k) + (1 − bi)rλ,i(k) (78)

σi(k + 1) = aσi(k) + (1 − ai)λi(k) (79)

Ti(k) = σi(k) fi(k). (80)

For describing the muscular torque induced by each muscle i with two time steps delay, two
functions Ti, i = 1, 2, are introduced that depend on the actuation variables rλi (k):

Ti(rλi ) := fi(k + 2)
[
aσi(k + 1) + (1 − ai)

[
biλi(k) + (1 − bi)rλi (k)

]]
. (81)

The modeled torque is then described by Ti(k + 2) = Ti(rλi (k)). For the control law, two functions

Rλi (ui) :=
1

1 − bi

[
−biλi(k) +

1
1 − ai

[
−aσi(k + 1) +

1
fi(k + 2)

ui

]]
(82)

are introduced with i = 1, 2. By assigning them to the actuation variables rλi = Rλi (ui(k)) the
system (72) is exactly linearized. Eq. (82) depends on the future internal mechanical feedback
variable fi(k + 2) as well as on the state variables σi(k + 1) and λi(k). The states are calculated
by two internal models implementing (78) and (79) for i ∈ 1, 2, whereby the actuation variables
rλi (k) are applied to this internal system. An estimation f̂i(k + 2) of fi(k + 2) is used instead of
the real signal41, that is calculated by a two-step ahead prediction (described late on in Sec. 6.3.2)
of the joint angle.

By applying the linearizing controllers Eq. (82) to Eq. (81), the virtual plants

Ti(k + 2) = ui(k), i = 1, 2

result. Each forms a delay of two sampling steps.

To control the joint angle or joint-stiffness by outer control loops, the virtual actuation variables
Td (desired resulting torque) and Tcc,d (desired co-activation torque) are introduced using the
operators introduced in Sec. 6.2.2. They relate to the torques produced by the individual muscle
as described by

Td = T (T1,d, T2,d), Tcc,d = Tcc(T1,d, T2,d).

The inverse transformations T I
1 (Eq. (75)) and T I

2 (Eq. (76)) are then used to calculate the desired
torque for each muscle T1,d and T2,d, respectively by

T1,d = T I
1 (Tcc,d, Td), T2,d = T I

2 (Tcc,d, Td).

In a case, where no constraints for the actuation variables are considered, Ti,d are directly applied
to the virtual inputs ui of the linearization controller:

ui(k) = Ti,d(k). (83)

41As fi(k + 2) is only available starting from the sampling instant k + 2, meaning in the future, it must be predicted.
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Again, by applying the linearizing controller to both muscles, the resulting torques

Tcc(k + 2) = Tcc,d(k), T(k + 2) = Td(k)

are obtained. In practice, exact linearization in this form cannot always be achieved because the
actuation variables must fulfill rλ1(k) ≥ 0 ∧ rλ2(k) ≥ 0.

6.3.1 Constrained actuation variables

Since both actuation variables are constrained by rλi (k) ≥ 0 for i = 1, 2, a possible improvement
of linearization in case of violated constraints is investigated. For this analysis, different cases are
considered:

Case 1: Rλ1,k(T1,d) ≥ 0 and Rλ2,k(T2,d) < 0

Case 2: Rλ1,k(T1,d) < 0 and Rλ2,k(T2,d) ≥ 0

Case 3: Rλ1,k(T1,d) < 0 and Rλ2,k(T2,d) < 0.

For each case, an individual extension to the linearizing controller is analyzed. By considering
both paths at the same time, the behavior of the resulting accelerating torque T depending on the
desired inputs Td can be linearized – this time including the constraints. As it turns out in the
analysis, this usually leads to the drawback of an increased co-contraction torque Tcc compared
to the desired one Tcc,d.

0
1 T2(.)

resulting
torque
trans-

formation

0
1 T1(.)Rλ1 (.)

Rλ2 (.)

plant model
including constrained actuation

≥ 0rλ2 (k)

T(k+ 2)

Tcc(k+ 2)

≥ 0rλ1 (k)u1(k)

u2(k)

T1,d(k) ≥ 0

ua,1(k)

ua,2(k)

T2,d(k) ≤ 0
linearising
controller

extension to the
linearising controller

Figure 73: An extension is applied to the linearizing controller in the presence of constrained actuation
(rλi (k) ≥ 0) by modifying the signals u1 and u2. Herein, two additional variables ua,1 and
ua,2 may be adjusted by the proposed extension, in case actuation constraints would be violated,
such that these constraints are still fulfilled, while additionally realizing exact tracking. In case
the constraints are not violated by the simple linearization strategy, ua,1 = 0 and ua,2 = 0 are
applied. This strategy forms a switching control system.

Fig. 73 shows the linearizing controller along with the nominal model including the constraints on
the actuation variables rλi (k). Unlike equation (83), an extension is added, which feeds additive
correction terms ui,a to the actuation variables ui such that T = Td can be achieved:

u1(k) = T1,d(k) + u1,a(k), u2(k) = T2,d(k) + ua,2(k). (84)

The basic principle of this extension is illustrated in Fig. 74. Because of the dynamics of the muscle
contraction and the λ-control loop, the muscular activations σi(k + 1) are not necessarily zero
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Transient because

leading to rλ1 = 0
of Rλ,1(.) < 0
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k

k

Td

T1,d

T1
−T2,d

T = T1 + T2

u2 = T2,d
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Case a)

−T2

k

k

T1,d = u1 T1
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T

Td

−u2

u2 = T2,d + ua,2
to compensate the transient

additionally using ua,2

Case b)

Figure 74: Illustration of the principle idea of the extension to the linearizing controller for the case of a
switching of muscle torque from muscle 1 to muscle 2. Herein, the aim is to realize step-wise
change the direction of the resulting torque T. Illustrated are the cases without and with the
controller extension. Case a) Because of the saturation the actuation variable (rλ1 ≥ 0), the
torque T1 produced by muscle 1 cannot be controlled step-wise to zero within two sampling
instants. Instead, a transient occurs that is caused by the activation and recruitment control
dynamics. For T2, perfect tracking can be achieved, though. In effect, about one half of
the resulting torque’s intensity T = T1 + T2 is also subjected to the maliciously introduced
transient behavior. Case b) To compensate such effects that are visible in the resulting torque,
an extension to the linearizing controller is applied: Instead of further decreasing the actuation
variable rλ1 below zero (which is impossible in reality), the desired torque T2,d is increased in its
amplitude by applying ua,2 < 0 such that the effects of the transient behavior are compensated
in the resulting torque trajectory. This yields a modified actuation variable u2 and, further,
causing rλ2 to increase. However, a temporarily increased co-activation torque Tcc is caused.
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Table 8: Properties of the functions Rλ1 , Rλ2 , T1, and T2 .
function property reason description
Rλ1 (u1),
T1(rλ1 )

strictly monotonically
increasing, ↗

f1 > 0 Increasing the actuation u1 results in a greater
torque T1.

Rλ2 (u2),
T2(rλ2 )

strictly monotonically
decreasing, ↘

f2 < 0 Increasing the actuation u2 results in a greater
amplitude of the negative torque −T2.

for zero actuation. Instead, because of the actuation-constraints, the smallest possible muscular
activation can only be achieved by choosing rλi (k) = 0. The torques produced by each muscle in
these cases are called minimum torques:

T1,min := T1(0) = f1(k + 2)(aσ1(k + 1) + (1 − a)b1λ1(k)) ≥ 0,

T2,min := T2(0) = f2(k + 2)(aσ2(k + 1) + (1 − a)b2λ2(k)) ≤ 0.

At first, monotonic properties of Rλi (defined in Eq. (82)) have been investigated. Therefore, the
control law is rearranged:

Rλi (ui(k)) := − 1
1 − bi

[
biλi(k) +

1
1 − a

aσi(k + 1)
]

                                                                                            
>0

+
1

1 − bi

1
1 − a                        

>0

1
fi(k + 2)

ui(k).

Because of f1 > 0, Rλ1(u1) is strictly monotonically increasing (Rλ1(u
l
1) < Rλ1(u

h
1), f or ul

1 < uh
1),

and Rλ2(u2) is strictly monotonically decreasing, since f2 < 0.

Similar results are obtained for the functions T1 (strictly monotonically increasing) and T2 (strictly
monotonically decreasing) with respect to the arguments rλ1 and rλ2 , respectively.

The obtained properties are summarized in Table 8.

Case 1 Rλ1(T1,d) ≥ 0 ∧ Rλ2(T2,d) < 0

In this case, the calculated actuation variable rλ2 would42 be negative and would be set to zero,
because of saturation. Therefore, the requested torque for the second path i = 2 (always negative
torques for this path) is bigger than the actually achievable torque T2,min (Please remind: The
torque achieved for rλ2 = 0):

T2,min(k + 2) = T2(0) < T2(Rλ2(T2,d(k))) = T2,d(k). (85)

This is because of Rλ2(T2,d) < 0, while T2 is monotonically decreasing. With active constraints
and without additional measures (ua,i = 0, i = 1, 2) the resulting acceleration torque would be
smaller than the requested one Td:

T1(Rλ1(T1,d(k))) + T2,min(k + 2) < Td(k). (86)

42In case of ua,2 = 0
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By choosing the modified actuation variable u1 = T1,d + ua,1, while applying u2(k) = T2,min(k + 2)
(yielding rλ2(k) = 0), the requirement on the resulting torque can be achieved if

T1(Rλ,1(T1,d(k) + ua,1(k)                                    
u1(k)

)) + T2,min(k + 2) = Td(k) (87)

⇔ T1,d(k) + ua,1(k) + T2,min(k + 2) = Td(k)

is true.

Using (86) and (87) it can be shown that ua,1 > 0 and, further, Rλ1(T1,d + ua,1) > 0 holds (meaning
the constraint on the actuation variable is not violated in this case), because T1,d > 0.

Now, Eq. (87) is solved with respect to ua,1:

ua,1(k) = Td(k)− T2,min(k + 2)− T1,d(k). (88)

The variables ui that fulfill the constraints for rλi and yield T(k + 2) = Td(k) are then given by

u1(k) = Td(k)− T2,min(k + 2), u2(k) = T2,min(k + 2).

Further, the corresponding activation variables are then given by

rλ1(k) = Rλ,1(Td(k)− T2,min(k + 2)), rλ2(k) = 0.

Case 2 Rλ1(T1,d) < 0 ∧ Rλ2(T2,d) ≥ 0

Because of symmetry reasons, the procedure is analog to Case 1. Here, the achieved torque for
the muscle path 1 would be greater than the desired one (as the corresponding muscle cannot be
deactivated fast enough). Therefore, the variable u2 of the antagonistic path has to be decreased
by choosing:

ua,2(k) = Td(k)− T1,min(k + 2)− T2,d(k). (89)

The variables ui that fulfill the constraints for rλi and yield T(k + 2) = Td(k) are then given by

u1(k) = T1,min(k + 2), u2(k) = Td(k)− T1,min(k + 2).

The corresponding activation variables are then given by

rλ1(k) = 0, rλ2(k) = Rλ,2(Td(k)− T1,min(k + 2)).

Case 3 Rλ1,k(T1,d) < 0 ∧ Rλ2,k(T2,d) < 0

Because both constraints for the actuation variables are violated within Case 3, the resulting
accelerating torque would be T1,min + T2,min, which is not necessarily equal to the desired torque
Td. For determination of the compensation variables ua,1 and ua,2, two sub-cases are considered:

Case 3.1 Td > T1,min + T2,min (actually produced torque would be too small)

Case 3.2 Td < T1,min + T2,min (actually produced torque would be too big)
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At first Case 3.1 is evaluated. In order to achieve the desired accelerating torque Td, the torque T1

needs to be increased. This can be fulfilled by applying the additional desired torque u1,a such
that

Td(k) = T1(Rλ1(T1,d(k) + u1,a(k))) + T2,min(k + 2). (90)

Because of (90) and the condition for Case 3.1,

T1(Rλ1(T1,d(k) + u1,a(k))) ≥ T1,min(k + 2) ≥ 0

holds. Further, because T1 is monotonically increasing, also Rλ1(T1,d + u1,a) ≥ 0 must hold, which
means the constraint for the first actuation variable is satisfied. In this case, Eq. (90) becomes:

Td(k) = T1,d(k) + u1,a(k) + T2,min(k + 2).

By rearranging u1,a can be calculated leading to

u1,a(k) = Td(k)− T1,d(k)− T2,min(k + 2).

The variables ui that fulfill the constraints for rλi and yield T(k + 2) = Td(k) are then given by

u1(k) = Td(k)− T2,min(k + 2), u2(k) = T2,min(k + 2).

The corresponding activation variables are then given by

rλ1(k) = Rλ,1(Td(k)− T2,min(k + 2)), rλ2(k) = 0.

In Case 3.2, an analog procedure leads to the following result. The variables ui that fulfill the
constraints for rλi and yield T(k + 2) = Td(k) are then

u1(k) = T1,min(k + 2), u2(k) = Td(k)− T1,min(k + 2).

The corresponding activation variables are

rλ1(k) = 0, rλ2(k) = Rλ2(Td(k)− T1,min(k + 2)).

For all three cases, it is straightforward to show that exact tracking of Td can only be achieved by
increasing the level of co-contraction Tcc.

6.3.2 Two step ahead joint angle prediction

The mechanical system (77) is Euler-discretized yielding

x1(k + 1) = x1(k) + Ta[x2(k)] (91)

x2(k + 1) = x2(k) +
Ta

J
[−Rmx2(k)− Kmx1(k) + T(k)]. (92)

Herein, x1 and x2 are the discrete-time representations of the joint angle and the joint angle
velocity, respectively. By substituting k → k + 1 in Eq. (91), replacing x2(k + 1) by Eq. (92),
and further replacing x1(k + 1) by the right hand side of Eq. (91), a two step ahead prediction
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Figure 75: The cascaded control scheme involving the joint angle controller, the linearization controller,
and the recruitment controller.

x̂1(k + 2) for the joint angle is derived:

x̂1(k + 2) = x1(k) + Tax2(k) + Ta

[
x2(k) + (93)

+
Ta

J
[−Rmx2(k)− Kmx1(k) + T(k)]

]
.

The accelerating torque T(k) is replaced by the desired one Td(k − 2) since T(k) cannot be
measured and T(k) = Td(k − 2) is enforced by the linearizing controller in the nominal case. The
state variables x1(k) and x2(k), which refer to the joint angle ϑ and its derivation in time ϑ̇ are
measured. Now, the estimates of fi(k + 2), i = 1, 2, are determined by

f̂i(k + 2) = ks,i(ϑmax,i − x̂1(k + 2)). (94)

6.4 Linear Joint-Angle Feedback Control

As illustrated in Fig. 75, on top of the linearizing controller, a linear, time-discrete and two
degrees of freedom joint angle controller is applied that uses the desired torque Td as its actuation
variable. The mechanical model Eq. (77) is Euler-discretized and used as transfer function for
controller design:

G(z) =
T2

a /J
z2 + ( RmTa

J − 2)z + (KmT2
a − TaRm + 1)/J

.

The time delay of the system is neglected since it is assumed to be considerably lower than the
rise time of G. The controller K cancels the asymptotically stable plant G and introduces a new
second-order transfer function to the open loop:

K(z) = 1/G(z)
a0

z2 + b1z + b0
.

The transfer function
Gcl(z) =

a0

z2 + b1z + b0 + a0
(95)

describes the reference to output behavior and is considered for the specification of the closed-loop
behavior (assuming at first no pre-filter for the reference).

The parameters a0, b0 and b1 are determined by a pole-placement procedure for the denominator
of Gcl and by claiming unity gain for Gcl (Gcl(z = 1) = 1). The latter condition leads to an integral
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Table 9: Summary of parameters.
parameter value
Km/J 4.015[s−2]
Rm/J 1.28[s−1]
ϑmax,1 0.52[rad]
ϑmax,2 −1.57[rad]
ks,1/J 4.84[s−2]
ks,2/J 2.357[s−2]
a 0.678
b1 0.811
b2 0.845

(a) simulation parameters

parameter value
Km/J 4.42[s−2]
Rm/J 2.82[s−1]
ϑmax,1 143[◦]
ϑmax,2 −67[◦]
ks,1/J 1.188[s−2]
ks,2/J 0.846[s−2]
a 0.678
b1 = b2 0.65

(b) real parameters

parameter value
d 0.5
Tr 0.3[s]
s1 −3
s2 −4

(c) controller parameters

controller. A desired-second order pole pair [12] described by a damping d and a rise time Tr is
used for the pole-placement design.

A 2-DoF control design is preferred, wherein a fast feedback cancels disturbances. Further,
step-wise changes in the joint angle reference shall not lead to an intensive excitation of the
inner loop’s actuation variables. Therefore, in addition to the feedback controller K, a reference
pre-filter V is designed to cancel the reference to output behavior Gcl and to introduce a slower
second-order dynamical system without conjugate complex poles:

V(z) = 1/Gcl(z) ·
(1 − exp(−s1Ta)) · (1 − exp(−s2Ta))

(z − exp(−s1Ta)) · (z − exp(−s2Ta))
.

6.5 Results

For demonstrating the effectiveness of the linearizing controller along with its extension for the
given constraints, a comparison of the controller with and without the extension was performed
in form of a simulation study. Predefined trajectories were fed to the desired torques Td and
Td,cc, while the torques of the plant model (cf. Sec. 6.2.) were evaluated. For the model and the
linearizing controller, the parameters described in Table 9 (A) were used. In the Figs. 77 and 76

the results in form of a comparison of the desired torques (Td, Tcc,d) and the actual torques (T,
Tcc) are presented. Additionally, the actuation variables are shown.

For the linearizing controller without the extension, there is a considerable mismatch of T
compared to the reference Td. For an upper-level joint angle controller, this would lead to a
decrease of the achievable performance. However, when the extension is enabled, Td is matched
(just leading to a time delay of two sampling steps). Small deviations (not visible in the plot) are
due to the time-discretized plant model within the joint angle prediction (cf. Sec. 6.3.2).

The feasibility of the developed approach was further demonstrated by a joint angle control
experiment in one healthy subject. Before the control experiment, the λ-control loops were tuned
and the model (cf. Sec. 6.2) was identified using the procedure described in [174]. The resulting
parameters are summarized in Table 9 (B) and the time-series for the used I/O data is shown in
Fig. 78. The parameters for the joint angle controller are given in Table 9 (C).
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Figure 76: Results for the linearization controller without taking constraints on the actuation variables
into account. The actuation variables, given in the lower subplot, also show the computed
negative values. However, for the simulated model the constraints rλ1 ≥ 0 and rλ2 ≥ 0 were
applied, meaning that values violating these constraints were substituted by zero (saturation is
applied).
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Figure 77: Results for the extended linearization controller that additionally considers constrained actua-
tion variables. During each sampling instance, measures are taken to prevent tracking errors
as indicated by the case number. Herein, Case 0) describes the case in which no additional
measures were required as the constraints were not violated (rλi ≥ 0 i = 1, 2). In comparison
to the results shown in Fig. 76, the tracking performance of the resulting torque T improved
significantly.
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Figure 78: I/O data used in the identification procedure. Further, the obtained model parameters were
used to perform a simulation of the model by applying the input data. The resulting simulated
joint angle is additionally shown.
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The results of the control experiment for a step-wise changing reference are shown in Fig. 79. In
this test, no artificial co-activation was applied (Tcc,d = 0) as in the design of the linear positioning
controller no co-activation and its influence on the controlled system was assumed.43 In addition
to the measured joint angle ϑ, the nominal behavior ϑnom (if the joint angle controller is applied
to the linear plant model G) is shown. As the step size increases, the overshoot of the joint angle
increases. Reason for this effect may be a decreased model-validity if the joint angle is not close
to its equilibrium angle.

6.6 Conclusions and Outlook

The presented control strategy for antagonistic muscle pairs allows the control of accelerating
torques along with the possibility to modulate the co-contraction strength. In a simulation study,
the effectiveness of the proposed model inversion that takes actuation constraints into account
was shown.

The entire control system, including the linearization and the upper-level joint angle controller,
was successfully tested in one healthy subject. The low deviation between of ϑ and ϑnom shows the
suitability of the proposed approach. The exact tracking is achieved at the cost of a temporarily
increased level of co-activation. This increase, however, may even be beneficial concerning the
smoothness of the obtained motion [153, 152].

Further, an investigation of the influence of co-contractions on the mechanical stiffness and
elasticity is ongoing (e.g., [153, 152]), however, not included in this thesis. In this field, a great
potential for the artificial control of limb movements is expected as described in Sec. 2.8.4.

43The investigation of the influence of co-activation and the respective controller design is not considered in this thesis.
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Figure 79: Results of a joint angle control experiment for a healthy subject using the underlying lineariza-
tion controller with extension and two λ-Control loops. The desired co-contraction torque Tcc,d
was zero.
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7
VA R I A B L E S A M P L I N G R AT E C O N T R O L L E D F E S

T O R E D U C E T H E P R O G R E S S I O N O F M U S C L E
FAT I G U E

To allow non-constant stimulation frequencies to be considered in feedback-controlled FES,
a general method to design discrete-time controllers that consider variable sampling rates is
presented in this chapter. This approach consists of a method for discretizing continuous linear
time-invariant systems with irregular sampling and actuation time-instants to obtain discrete-time
state-space representations of the systems to control. As these state-space models are nonlinear
due to a dependency on the time-instants for sampling and actuation, a linearizing controller is
applied that compensates for the influence of irregular sampling. Then, an augmented discrete-
time system results that can be controlled by any traditional discrete-time control approach.

In the past, to obtain discrete-time models in FES, typically zero-order hold or Euler-based
approaches were used. It is assumed, however, that models, which incorporate the application
of Dirac-pulses to a continuous-time system are more suitable to describe the dynamics of the
muscle’s force (cf. Sec. 2.2) to electrical pulses as observed, e.g., in [150]. Therefore, unlike zero-
or first-order hold discretization methods, the influence of the actuation sequence is described
by intensity-modulated Dirac-pulses that are applied to the given continuous dynamical system.
Zero- or first-order behavior can still easily be realized by extending the presented discretization
method.

Other potential applications (not in the context of FES) include the estimation, e.g., using Kalman-
filters under irregularly arriving measurements and the control of blood glucose concentration
because the time intervals between glucose-concentration measurements and between the injec-
tions of insulin are typically not constant.

The methods and results presented in this chapter have been previously published in

• [89] C. Klauer and T. Schauer. “Discretisation & Control of Irregularly Actuated and
Sampled LTI-Systems”. In: Proc. of the 19th International Conference on Methods and Models in
Automation and Robotics, IEEE. Międzyzdroje, Poland, 2014. isbn: 978-1-4799-5081-2. doi:
10.1109/MMAR.2014.6957394.

Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. 7.1 to Sec. 7.6 are based on [89]. Slight modifications of the
text and the figures were performed. In Sec. 7.5, the paragraph “Example for a FES-plant” was
extended to a large extent. In the same section, the paragraph “Internal dynamics” was added.
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7.1 Overview

Typical time-discretization methods [57] assume a fixed duration of actuation- and sampling
intervals. However, for the use case described above, a more general method is required that takes
variable sampling and actuation times into account. Such a method is presented in this work
(cf. Fig. 80). Variable and alternating time-points for actuation (actuation time) and sampling
(sampling time) are described by the sequences tδ and t∆, respectively. They represent inputs to
the discretized system.

To match an output sequence yδ∆ according to a reference ry, typical combinations of the three
input variables and their applications (not only in FES) include:

a) While tδ and t∆ are given sequences, find a sequence u that leads to yδ∆ = ry. Typical
applications include disturbed time periods in, e.g., networked control and soft real-time
systems.

b) While u and t∆ are a given sequences, find a sequence tδ that leads to yδ∆ = ry. Application:
Control of systems using PWM-modulation

c) Adjust u, tδ and t∆ such that yδ∆ = ry and additional constraints on the relationship between
u, tδ and potentially t∆ are fulfilled. Applications: Control of systems in which it is cost
intensive to actuate or change the actuation intensity (e.g., FES, valves in process control).

discrete-time
controller

system
discretised

δ ,∆-

t∆[k]

tδ [k]

u[k] yδ ∆[k]

Figure 80: The discrete-time system as obtained by the transformation incorporating variable actuation
(tδ[k]) and sampling (t∆[k]) times of a continuous system. In addition to the input sequence u,
both time sequences are considered to be inputs to the discretized system. All variables may be
adjusted by a control system.

7.2 Definition and Properties

7.2.1 Delta-actuation and sampling

The continuous-time dynamical LTI SISO system

y(t) = S[v(t)] (t), t ≥ 0

is considered that maps an input signal v(t) ∈ R to an output signal y(t) ∈ R for t ≥ 0. The I/O
relationship between v and u is described by a state-space representation

S ≡
{

ẋ(t) = Ax(t) + Bv(t)), x(t) ∈ Rn, v(t), y(t) ∈ R

y(t) = Cx(t), x(t = 0) = x0

}
. (96)
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The continuous-domain δ-actuation input signal is defined as follows:

vδ(t) B
∞

∑
j=0

u[j]δ(t − tδ[j]), j ∈ N, (97)

whereby δ(t) is the Dirac delta distribution. The sequence u = {u[0], u[1], · · · } modulates the
intensities of the δ-pulses. The time at which the kth δ-pulse (k ∈ N ∧ k ≥ 0) is applied is denoted
by the actuation time tδ[k] ≥ 0 that is an element of the sequence tδ = {tδ[0], tδ[1], · · · }. The first
actuation is at time zero (tδ[0] := 0).

This signal is applied to S (v(t) = vδ), while the output y(t) is then sampled (denoted by ∆) at
the sampling times t∆[k] > 0 (t∆ = {t∆[1], t∆[2], · · · }). The actuation and sampling is performed
alternating, which is denoted by

tδ[k] < t∆[k + 1] < tδ[k + 1] < t∆[k + 2] ∀ k ≥ 0 ∧ k ∈ N. (98)

The described procedure is illustrated in Fig. 81 and called time-variable δ-actuation. By a formal
definition the transformation Zδ∆ is introduced:

yδ∆[k] = Zδ∆ [S, u, tδ, t∆] [k]

B S

[
∞

∑
j=0

u[j]δ(t − tδ[j])

]
(t∆[k]). (99)

The time interval between an actuation pulse k ≥ 0 and its subsequent measurement k + 1 is
defined as

T∆[k] B t∆[k + 1]− tδ[k] > 0, ∀k ≥ 0. (100)

Analog, the time interval between an actuation pulse k and a previous measurement k is defined
(cf. Fig. 81) by

Tδ[k − 1] B tδ[k]− t∆[k] ≥ 0, ∀k ≥ 1. (101)

By of these definitions, the following properties for calculating the time points t∆[k] and tδ[k]
from the time-differences derive: A relation for calculating the actuation time in dependence of
sequences for the time intervals Tδ and T∆ is

tδ[k] B tδ[0] +
k−1

∑
j=0

(Tδ[j] + T∆[j]) , ∀k ≥ 1 (102)

The relation for the sampling time t∆ is then:

t∆[k + 1] B T∆[k] + tδ[k], ∀k ≥ 0 (103)

7.2.2 Properties for linear time-invariant systems

If the system S is a linear system in the sense of

S [av1(t) + bv2(t)] (t) = a S [v1(t)] (t) + b S [v2(t)] (t), (104)
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yδ ,1(t) := u[1] · yδ (t− tδ [1])

t∆[1]

yδ ,0(t) := u[0] · yδ (t− tδ [0])

u[0]

tδ [0]

t︸ ︷︷ ︸
T∆[1]

yδ ∆[3]

t∆[3]

u[1]
u[2]

︸ ︷︷ ︸
Tδ [1]

︸ ︷︷ ︸
T∆[2]

yδ ,2(t) := u[2] · yδ (t− tδ [2])yδ ∆[2]

tδ [2]tδ [1] t∆[2]

︸ ︷︷ ︸
Tδ [0]

︸ ︷︷ ︸
T∆[0]

yδ ∆[1]

Figure 81: Actuation of a LTI-system S using δ-actuation by applying δ-pulses at the actuation times tδ[k]
and sampling the output at t∆[k]. The output of the continuous system is the superposition of
the individual system responses yδ,i (i = 0, 1, 2) to each δ-pulse in addition to the transient
caused by the initial states (not shown here).

then the property of linearity also holds true for the dependency of y on u of the sampled system:

Zδ∆ [S, au1 + bu2, tδ, t∆] [k]

= aZδ∆ [S, u1, tδ, t∆] [k] + bZδ∆ [S, u2, tδ, t∆] [k]. (105)

The prove is straightforward.

Remark: A System
S ≡

{
y(t) = S [u(t − Td)] (t)

}
, Td ≥ 0

that incorporates an input delay Td can be discretized by applying Zδ∆ to the system S without
delay while shifting the actuation times tδ[k] by Td such that tδ + Td is the new sequence for the
actuation times. Herein, the time-interval T∆[k] = t∆[k + 1]− (tδ[k] + Td) between each shifted
actuation pulse and next sampling time must be greater than zero to fulfill Eq. (98).

7.3 Discretization of Elementary Systems

In this section, Zδ∆ is applied to first- and second-order systems and analytical representations
in form of discrete-time state-space systems to describe the I/O behavior result. For most higher-
order systems, a decomposition into one or more of such basic systems can be performed (e.g.,
utilizing a Jordan normal form or a partial fraction decomposition) to apply Zδ∆ separately
according to (105).

7.3.1 First-order LTI-System S1

Let the I/O-behavior of S1 for t ≥ 0 (the dependency of y(t) on v(t)) be described by the
first-order state-space system:

S1 ≡
{

ẋ(t) = s∞ x(t) + v(t), x, y, u, s∞, xo ∈ C

y(t) = x(t), x(t = 0) = x0.

}
.

Please note that the output, the state, the initial state, and the parameter may be complex-valued
in this case. This assumption is helpful when calculating Zδ∆ for a second-order system with
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conjugated complex eigenvalues, which is then possible by applying the results obtained within
this section.

To calculate the output y when applying the δ-actuation input vδ(t), the Laplace-transform of this
system is obtained and divided into a part P (particular solution) and a part H (homogeneous
solution):

Yδ(s) =
1

s − s∞
x0

                
BYP

δ (s)

+
1

s − s∞
Vδ(s)

                          
BYH

δ (s)

. (106)

Herein, YP
δ (s) and YH

δ (s) are the Laplace-transformed output components yP
δ (t) and yH

δ (t) respec-
tively. Further,

Vδ(s) =
∞

∑
j=0

u[j]e−tδ [j] s, j ∈ N (107)

is the Laplace-transform of the δ-actuation signal vδ and G1(s) = 1/(s − s∞) the transfer function
of S1.

Particular part P: At first YP
δ is considered to calculate the output component yP

δ . Hence, the
time-domain impulse response (v(t) = δ(t)) of G1 is calculated:

L−1[G1(s)](t) = yδ(t) =

{
0 i f t < 0
es∞t i f t ≥ 0

. (108)

The time-domain response of YP
δ is then given by

yP
δ (t) = x0 · yδ(t) =

{
0 i f t < 0
x0es∞t i f t ≥ 0

.

As mentioned in (99) the output signal is sampled at t∆[k], ∀k ≥ 1. Because Zδ∆ is I/O-linear
(105), sampling yδ is equivalent to calculating the sum of the sampled output components of H
and P. Sampling yP

δ at t∆[k] > 0 yields:

yP
δ∆[k] = yP

δ (t∆[k]) = x0es∞t∆ [k], ∀k ≥ 1. (109)

Since the aim is to obtain a state-space description of the sampled system, a recursive representa-
tion of Eq. (109) is obtained, whereby Tδ[−1] is defined to be zero:

yP
δ∆[k + 1] = yP

δ∆[k]e
s∞(Tδ [k−1]+T∆ [k]) ∀k ≥ 0

yP
δ∆[0] = x0, Tδ[−1] B 0. (110)

Homogeneous part H: Now YH
δ is considered. Because S1 is linear, the response yH

δ (t) is the
sum of all individual responses to each individual δ-pulse contained in vδ:

yH
δ (t) =

∞

∑
j=0

u[j]yδ(t − tδ[j])                                  
yδ,j(t)

.
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Sampling the continuous signal yH
δ at t∆[k] for k ≥ 1 yields:

yH
δ∆[k] = yH

δ (t∆[k])

=
∞

∑
j=0

u[j]yδ(t∆[k]− tδ[j]), ∀k ≥ 1.

Since yδ(t) is zero for t = t∆[k]− tδ[j] < 0 and because of (98), the elements j ≥ k of the sum are
omitted and a finite sum is obtained:

yH
δ∆[k] =

k−1

∑
j=0

u[j]yδ(t∆[k]− tδ[j])

=
k−1

∑
j=0

u[j]es∞(t∆ [k]−tδ [j]) (111)

= es∞t∆ [k] ·
k−1

∑
j=0

u[j]e−s∞tδ [j], ∀k ≥ 1.

Recursion To calculate a recursive representation of (111), an index shift of one incremental step
is performed:

yH
δ∆[k + 1] = es∞t∆ [k+1] ·

[
u[k]e−s∞tδ [k] +

k−1

∑
j=0

u[j]e−s∞tδ [j]

]
, (112)

whereby ∀k ≥ 0. Decomposing the exponential factor using t∆[k + 1] = t∆[k] + Tδ[k − 1] + T∆[k],
which directly follows from Eq. (100) and (101) yields

es∞t∆ [k+1] = es∞t∆ [k] · es∞ [Tδ [k−1]+T∆ [k]].

Using this result, Eq. (112) can be rearranged yielding

yH
δa,∆[k + 1] = es∞ [Tδ [k−1]+T∆ [k]] · es∞t∆ [k] ·

k−1

∑
j=0

u[j]e−s∞tδ [j]

                                                            
yH

δ∆ [k]

+ es∞t∆ [k] · es∞ [Tδ [k−1]+T∆ [k]] · u[k]e−s∞tδ [k]. (113)

By applying t∆[k] − tδ[k] = −Tδ[k − 1] following from Eq. (100) and Eq. (101), the resulting
recursive equation for yH

δa,∆ is then:

yH
δ∆[k + 1] = es∞ [Tδ [k−1]+T∆ [k]]yH

δ∆[k] + u[k]es∞T∆ [k]. (114)

The initial condition for yH
δ∆[1] is obtained by evaluating Eq. (111) for k = 1:

yH
δ∆[1] = u[0]yδ(t∆[1]− tδ[0]) = u[0]es∞T∆ [0]. (115)

By defining Tδ[−1] := 0 it is observed that the initial condition (115) turns into the more usual
initial condition

yH
δ∆[0] B 0. (116)
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The variable yH
δ∆[0] is hereby assigned and yH

δ∆[1] results from (114) for k = 0.

Result The sampled output of S1 combines H and P:

yδ∆[k] = yH
δ∆[k] + yP

δ∆[k].

To obtain a resulting recursion formula, an index shift for k is performed, and the partial results
described by Eq. (110) and (114) are combined yielding

yδ∆[k + 1] =
(

yH
δ∆[k] + yP

δ∆[k]
)

                                        
yδ∆ [k]

·es∞ [Tδ [k−1]+T∆ [k]] + u[k]es∞T∆ [k].

The initial condition for yδ∆[0] is then obtained using (116) and (110) yielding

yδ∆[0] = yH
δ∆[0] + yP

δ∆[0] = x0.

Summarizing the analytical result for the discretization of S1 is described by
{

yδ∆ = Zδ∆

[
S1, u, tδ, t∆

]
[k]

}
(117)

≡
{

yδ∆[k + 1] = yδ∆[k] · es∞ [Tδ [k−1]+T∆ [k]] + u[k]es∞T∆ [k]

yδ∆[0] = x0.

}
.

This relationship describes a non-linear discrete-time system with the inputs u, Tδ and T∆. A
scheduling of the system’s coefficients based on the inputs for the time differences Tδ and T∆ is
herein performed.

7.3.2 second-order LTI-Systems with conjugate complex eigenvalues

For second-order systems, only the case of a system Scc incorporating conjugated complex
eigenvalues (λ1 = λ = σ + jω, λ2 = λ = σ − jω, j is the imaginary unit) is considered. Systems
with non-equal and real-valued eigenvalues (λ1, λ2 ∈ R ∧ λ1 , λ2), can be decomposed into two
1st-order systems with superposed outputs that are then discretized separately by re-using (117).

Also for discretizing Scc this principle is used in a first step, but as the resulting discrete-time
systems have complex-valued states, a further effort for deriving real-valued systems is required.
The I/O behavior of a strictly proper second-order system Scc with conjugate complex eigenvalues
can always be described by the following state-space representation:

Scc ≡

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

(
ẋ1

ẋ2

)

      
ẋ(t)

=

(
λ + λ −λλ

1 0

)

                                      
A

(
x1

x2

)

      
x(t)

+Bv(t), B ∈ R2

y(t) =
(

0 1
)

          
C

x(t) x(0) =

(
x1,0

x2,0

)

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎭

(118)

Ongoing, two different classes of systems are considered:
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A) Scc
A that derives from Scc by choosing B = BA B [1, 0]T and realizes the transfer function

1/((s − λ)(s − λ)).

B) Scc
B as derived from Scc by choosing B = BB B [−a + λ + λ, 1]T that realizes (s − a)/((s −

λ)(s − λ)).

To perform a separation into two first-order systems, a diagonal form for describing A is
calculated:

A = PJP−1, J = diag(λ, λ)

P =

(
λ

2ω
λ

2ω
j

2ω − j
2ω

)
, P−1 =

(
1 −λ

1 −λ

)
(119)

By introducing the transformed state vector

x̃ = [x̃1, x̃2] = P−1x,

a representation with a diagonal system matrix J is obtained:

Scc ≡

⎧
⎪⎪⎪⎨
⎪⎪⎪⎩

P−1 ẋ    
˙̃x

= JP−1x    
x̃

+ P−1B    
B̃

v(t), B̃ = [b̃1, b̃2]
T

y(t) = CPx̃ x̃(0) = P−1

(
x1,0

x2,0

)
=

(
x1,0 − λx2,0

x1,0 − λx2,0

)

⎫
⎪⎪⎪⎬
⎪⎪⎪⎭

.

For the systems Scc
A and Scc

B , the input matrix B becomes

B̃A =

[
b̃A1

b̃A2

]
= P−1BA =

(
1
1

)
and B̃B =

[
b̃B1

b̃B2

]
= P−1BB =

(
−a + λ

−a + λ

)
, (120)

respectively, whereby the vector elements are conjugated complex to each other (b̃A1 = b̃A2 and
b̃B1 = b̃B2). To avoid redundant calculations in the ongoing analysis, the input gains b̃1 and b̃2 are
shifted into the output matrix, which is easily possible because J is diagonal:

Scc ≡

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(
˙̃x1
˙̃x2

)
=

(
λ 0
0 λ

)(
x̃1

x̃2

)
+

(
1
1

)
v(t), y(t) =

(
jb̃1
2ω

− jb̃2
2ω

)T (
x̃1

x̃2

)

(
x̃1(0)
x̃2(0)

)
=

(
(x1,0 − λx2,0)/b̃1

(x1,0 − λx2,0)/b̃2

)

⎫
⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎭

.

Two decoupled first-order systems with the respective eigenvalues λ and λ result, whereby the
original output y is the by complex-valued factors weighted sum of the states x̃1 and x̃2. Hence,
the result for the first-order system (114) is re-used:

yδ∆[k] = jb̃1/(2ω)                
Brejϕ

Zδ∆

[{
ẏ(t) = λy(t) + v(t)
y(0) = (x1,0 − λx2,0)/b̃1

}
, u, tδ, t∆

]

+ −jb̃2/(2ω)                    
Bre−jϕ

Zδ∆

[{
ẏ(t) = λy(t) + v(t)
y(0) = (x1,0 − λx2,0)/b̃2

}
, u, tδ, t∆

]
.
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To reduce complexity, the weighting factors are described by the polar coordinates r and ϕ. For
Scc

A and Scc
B they become:

rAeϕA B jb̃A,1/(2ω) ⇒ rA = 1/(2ω), ϕA = π/2
rBeϕB B jb̃B,1/(2ω) = 1

2 + j σ−a
2ω

⇒ rB =
1
2

√
1 + [(σ − a)/ω]2, ϕB = tan−1 [(σ − a)/ω] . (121)

The sampling interval Ts[k] B Tδ[k− 1] + T∆[k] is defined for a compact representation. Evaluating
Zδ∆ for both 1st-order systems with the eigenvalues λ and λ by using (117) yields the discrete-time
state-space representation

(
z1[k + 1]
z2[k + 2]

)
=

(
eλTs [k] 0

0 eλTs [k]

)

                                        
Acc

(
z1[k]
z2[k]

)
+

(
eλT∆ [k]

eλT∆ [k]

)

                  
Bcc

u[k]

yδ∆[k] =
(

rejϕ re−jϕ
)

                              
Ccc

(
z1[k]
z2[k]

) (
z1[0]
z2[0]

)

            
z0

cc

=

(
(x1,0 − λx2,0)/b̃1

(x1,0 − λx2,0)/b̃2

)
.

Please note that the states z1 and z2 relate conjugated complex to each other (z1 = z2). A
state-space representation with purely real-valued states is desirable to reduce computational
complexity in computer controlled systems. Therefore, a state transformation is performed such
that the obtained states represent imaginary and real part of z2:

zcc[k] =

(
zR[k]
zI [k]

)
B

(
ℜ {z2[k]}
ℑ {z2[k]}

)
=

(
0.5 0.5
0.5j −0.5j

)

                                  
BT

(
z1[k]
z2[k]

)
(122)

By applying this state transformation, a real-valued state-space system is obtained, and the
resulting discretization is then

{
yδ∆ = Zδ∆ [Scc, u, tδ, t∆] [k]

}
(123)

≡

⎧
⎪⎨
⎪⎩

zcc[k + 1] = Acc · zcc[k] + Bccu[k]
yδ∆[k] = Ccc · zcc[k]
zcc[0] = zcc

0 , zcc ∈ R2

⎫
⎪⎬
⎪⎭

,

wherein the matrices Acc. Bcc, Ccc and the initial state vector zcc
0 are given by

Acc = T AccT−1 = eσTs [k]

[
cos (ωTs[k]) − sin (ωTs[k])
sin (ωTs[k]) cos (ωTs[k])

]

Bcc = TBcc = eσT∆ [k]

[
cos (ωT∆[k])
sin (ωT∆[k])

]

Ccc = CccT−1 = [2r cos ϕ, 2r sin ϕ], Ts[k] B Tδ[k − 1] + T∆[k]

zcc
0 = Tz0

cc.
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For case A) (b̃2 = 1) the initial state vector zcc
0 becomes

zcc
A,0 =

[
x1,0 − σx2,0

ωx2,0

]
(124)

and in case B) (b̃2 = b̃B2), using (121):

zcc
B,0 =

[
zR[0]
zI [0]

]
=

[
sin ϕB cos ϕB

− cos ϕB sin ϕB

] [
x1,0 − σx2,0

ωx2,0

]
/(2ωrB). (125)

For the discretization of Scc
A by using (123), the parameters r, ϕ and zcc

0 are respectively substituted
by rA, ϕA (121) and zcc

A,0 (124), while using rB, ϕB (121) and zcc
B,0 (125) for Scc

B .

7.4 Simulation Results

A continuous system of second order Eq. (118) (λ = −40+ j30, x1,0 = 2, x2,0 = 0.01) is discretized
using Zδ∆. Predefined sequences for tδ, t∆ and u were applied as shown in Fig. 82. The
continuous-time system output y in response to the δ-actuation was numerically calculated by
superposing the responses to each δ-pulse and the dynamics caused by the initial states. The
time-discrete state-space model (123) was evaluated, and the sampled values are shown.

7.5 Linearizing Controller

Since the resulting discrete-time representations are non-linear in their coefficients, the classic
linear control theory cannot be directly applied. Therefore, an exact linearization approach
(system inversion) is presented that leads – when combined with the system to control – to a
linear augmented plant.

Most higher-order continuous system can be decomposed and discretized using Zδ∆ such that
the following state-space system

z[k + 1] = Aδ∆z[k] + Bδ∆u[k] (126)

yδ∆[k] = Cδ∆z[k] (127)

is obtained, whereby the matrices are given by

Aδ∆ = diag
[

Acc
1 , Acc

2 , · · · , a1
1, a1

2, · · ·
]

(128)

z[k] B

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

zcc
1 [k]

zcc
2 [k]

...
z1

1[k]
z1

2[k]
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Bδ∆ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Bcc
1

Bcc
2
...

b1
1

b1
2
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Cδ∆ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ccc
1 Ccc

1
T

ccc
2 Ccc

2
T

...
c1

1
c1

2
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

T

.
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Figure 82: The I/O sequences of the discrete-time system along with the continuous-time output for a
second-order system.
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The matrices Acc
i , Bcc

i , a1
i , and b1

i are the coefficients of the discrete-time representations of all
partial continuous-time systems obtained by the decomposition. They depend on the time interval
T∆[k]. The discrete-time states are zcc

i and z1
i , while ccc

i and c1
i are the decomposition’s weighting

factors.

The overall output of the discrete-time system for the next time step is then:

yδ∆[k + 1] = Cδ∆ Aδ∆z[k] + Cδ∆Bδ∆u[k]. (129)

By applying the linearizing controller

u[k] =
1

Cδ∆Bδ∆
[−Cδ∆ Aδ∆z[k] + v[k]] , (130)

an exact linearization yδ∆[k + 1] = v[k] with regard to the virtual input (and new actuation
variable) v is obtained. The herein required state information z[k] can be obtained either by Eq.
(126) yielding in a feed-forward control (only possible for asymptotically stable plants) or utilizing
an observer.

Internal dynamics Please note that a potentially unstable internal dynamics may be present.
Such instabilities usually cause actuation signals suffering from high-frequency oscillations that
continuously increase in their amplitude and are unfeasible to be applied in real-world control. A
general investigation on a stability criterion has not been performed so far. Hence, stability must
be investigated in the individual case. From observations in simulations, it was found that setting
the time-interval Tδ to be zero (Tδ = 0), which causes sampling and actuation to happen at the
same time, may prevent such oscillations. Sampling times that are non-equal to the actuation
time can still be considered in other ways, e.g., by a prediction of the system’s output for the next
actuation time.

Example for a FES-plant A continuous-time model described by the transfer function (rise time
0.3 s, 0.25 % overshoot)

G(s) =
c

(s − s∞)(s2 − 2σs + σ2 + ω2)

=
c

(s − s∞)(s − (σ + jω)              
:=λ

)(s − (σ − jω)              
:=λ

)
,

s∞ = −10, σ = −3,
ω = 10, c = 1090

is considered that describes the typical response of a joint angle (e.g., the shoulder elevation) to
electrical stimulation. All initial values are assumed to be zero. The partial fraction decomposition
is given by

G(s) = A
1

s − s∞
+ B

1
s − λ

+ C
1

s − λ

A =
c

(s∞ − λ)(s∞ − λ)
, B =

c
(λ − s∞)(λ − λ)

, C =
c

(λ − s∞)(λ − λ)
.
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Further, the system G is split into a first-order (G1) and a second-order (Gcc) system with conjugate
complex eigenvalues:

G(s) = A
1

s − s∞
+

s(B + C) + (−λC − λB)
(s − λ)(s − λ)

= A
1

s − s∞              
G1(s)

+ ccc s − a
(s − λ)(s − λ)                                        

Gcc(s)

, a = 2σ − s∞, ccc =
c

−ω2 − s2
∞ + 2s∞σ − σ2 .

The corresponding state-space system that realizes the transfer function G1(s) (cf. Sec. 7.3.1)
results in the following discrete-time state-space representation:

z1[k + 1] = z1[k] · es∞ [Tδ [k−1]+T∆ [k]]                                  
a1

+u[k] es∞T∆ [k]        
b1

, y1
δ∆[k] = A

c1

, z1[0] = 0.

For the second-order system Gcc the following discrete-time state-space system is obtained (cf.
Sec. 7.3.2, Case B):

zcc[k + 1] = Acc · zcc[k] + Bccu[k]

ycc
δ∆[k] = ccc · Ccc · zcc[k].

Herein, the matrices Acc. Bcc, Ccc and the initial state vector zcc
0 are given by

Acc = = eσTs [k]

[
cos (ωTs[k]) − sin (ωTs[k])
sin (ωTs[k]) cos (ωTs[k])

]

Bcc = = eσT∆ [k]

[
cos (ωT∆[k])
sin (ωT∆[k])

]

Ccc = = [2r cos ϕ, 2r sin ϕ], Ts[k] B Tδ[k − 1] + T∆[k]

zcc
0 = [0, 0]T

r =
1
2

√
1 + [(σ − a)/ω]2, ϕ = tan−1 [(σ − a)/ω] .

The complete discretized model and its output variable yδ∆[k] = ycc
δ∆[k] + y1

δ∆[k] is then brought
into the form (126, 127) yielding

z[k + 1] = Aδ∆z[k] + Bδ∆u[k] (131)

yδ∆[k] = Cδ∆z[k] (132)

Aδ∆ = diag
[

Acc, a1
]

z[k] B

[
zcc[k]
z1[k]

]
Bδ∆ =

[
Bcc

b1

]
Cδ∆ =

[
cccCccT

c1

]T

.

Then, the linearizing controller (cf. 130)

u[k] =
1

Cδ∆Bδ∆
[−Cδ∆ Aδ∆ẑ[k] + v[k]] , for k ≥ 0 (133)
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is applied to u, whereby the required state estimate ẑ is calculated by using (131):

ẑ[k] = Aδ∆ẑ[k − 1] + Bδ∆u[k − 1], for k ≥ 1 (134)

ẑ[0] = [0 0 0]T . (135)

Please note that the system described by Eqs. (133), (134), and (135) must be asymptotically
stable to prevent, e.g., oscillations in the actuation variable u. In the considered example,
this requirement could be achieved by setting the time-interval Tδ to zero (Tδ = 0).44 In this
example, a fixed, cosine shaped sequence for the sampling frequency ranging from 20 to 50 Hz is
defined yielding T∆ (Tδ = 0) and tδ. Further, a continuous-time reference trajectory is defined
by r(t) = −(cos(πtδ/Tr)− 1)/2, Tr = 1.5 s and sampled at tδ (r(tδ[k]). The resulting sequence
is applied to the linearizing controller v[k] = r(tδ[k]). The obtained I/O sequences, and the
continuous-time output are shown in Fig. 83.
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Figure 83: The I/O sequences and the output yδ(t) of the FES-system when applying the linearizing
feed-forward controller using irregular sampling-times are shown. The sampled reference
trajectory v[k] = r(tδ[k]) ∀k is exactly tracked by yδ∆. Please note that the reference is not
shown in this figure as an exact tracking (despite a delay of one sampling step) is achieved.

7.6 Conclusions and Outlook

A method for the time-discretization of continuous systems under variable actuation and sampling
times was presented and analytically evaluated yielding discrete-time state-space systems with
non-constant, input dependent coefficients. By a simulation example relevant to the control of
neuroprosthetic systems, it could be demonstrated that the obtained gain-scheduled systems can
be controlled by an inversion approach that yields a linear dead-beat system. In this approach,
the stability of the internal dynamics must be ensured, as otherwise, the actuation variable may
become unfeasible to be applied to a real-world system. A systematic analysis is still missing.
However, it is hypothesized that sampling and actuation are required to take place at the same
time to prevent instabilities. If the output has to be sampled at other time instances, a prediction

44Please note that no systematic investigation has been performed on this topic so far.
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of the system’s output for the next actuation time might be used. Along with the investigations
of possible aliasing-effects and the inter-sampling behavior, this is up to future investigations.
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8
C O N C L U S I O N S A N D F U T U R E W O R K

The general aim of this thesis is to improve the applicability of elaborated FES-based systems
with a focus on the restoration and the support of arm reaching movements. Up to date, most
practically relevant applications of FES use open-loop strategies – successfully in their dedicated
application. However, applications like the support or the restoration of arm reaching may benefit
from more elaborated FES feedback control that is still under active research. As a contribution to
this topic, several approaches that aim to make sophisticated feedback control systems clinically
feasible were investigated in this thesis.

Muscle recruitment control Usually one would expect that feedback control approaches applied to
FES-based neuroprosthesis significantly enhance the functions of the individual system regarding
motor precision, robustness, and adaptivity to the individual patient. The main reason why such
approaches generally fail in practice was identified to be the uncertainty of the muscular behavior
in response to FES. This uncertainty is commonly caused by the rapid progression of muscle
fatigue under FES and the non-linear behavior of stimulated muscles. Therefore, an important
topic considered in this thesis was the compensation of muscle fatigue and the linearization
of the highly non-linear process of muscle recruitment as outlined in Chapter 3. Herein, a
feedback of the stimulation-evoked EMG is used to detect the muscle’s response to the applied
stimulation that is adjusted to realize a given level of muscle recruitment. This approach cancels
time-variances and some non-linearities in the process of motor unit recruitment. Tests in five
healthy subjects have demonstrated the effectiveness of this approach. Further, the functionality
was successfully tested in two stroke patients.

A neuroprosthesis for arm weight relief The concept of muscle-recruitment control was then applied
in a neuroprosthesis to support the arm elevation in partially paralyzed stroke patients as
described in Chapter 4. Based on the measured shoulder elevation angle, a FES-induced muscle
recruitment – proportionally to this angle – is generated in the shoulder deltoid muscle. This
yields an arm weight relief, which reduces the needed volitional activity. As shown in the
results obtained from five healthy subjects, indeed less residual voluntary activity is required
to perform functional tasks. An analytical investigation proves the asymptotic stability of the
positive feedback loop for support factors less than 100%.

In the clinical tests of this approach in two stroke patients, the support factor was manually tuned
to obtain the highest support of arm elevation. Herein, overcompensation of the arm weight has
to be avoided as this typically causes difficulties for the patient in returning to his rest position. It
was observed that the proposed concept is feasible to restore paretic arm elevation movements in
stroke patients. In one patient, even the full restoration of the arm elevation was possible.
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Automatic adaption of the weight-support level To automatically perform the adjustment of the
support factor an adaptive control scheme has been presented in Sec. 4.7. This approach relies
on repetitive movement trials as encountered in the rehabilitation of stroke patients. After each
trial, the support factor is adapted. Tests in one healthy subject show the feasibility of the chosen
approach. However, tests on patients have not been performed yet.

A model for hybrid muscle activation The controller for the support-factor adaptation relies on a
model that describes the influence of FES-induced and volitional activity on the amount of arm
elevation. In Sec. 4.7 a linear model is herein assumed. However, the actual behavior is non-linear
(cf. Sec. 2.6). Hence, in a fist investigation, an ANN-based model was developed to obtain a
more realistic representation for describing the resulting arm elevation (cf. Appendix A). The
model-structure has been validated in two healthy subjects and yields a performance feasible to
the targeted application.

Please note that the developed model is currently not suitable to be applied to the adaptation
algorithm of the weight compensation controller since the level of muscle recruitment should be
the model input instead of the stimulation intensity.

Combining FES with an exoskeleton The combination of a passive exoskeleton for gravity com-
pensation with FES (Chapter 5) forms an interesting approach concerning fatigue reduction and
the guidance of FES-induced motion. Normally, a precise positioning of the hand using only
FES is difficult to achieve when the arm is completely paralyzed. In combination with the used
exoskeleton that allows locking each degree of freedom individually, a positioning was possible
as shown in tests involving five healthy subjects. To allow a daily-live application of the presented
system, further integration steps must be performed as the system is currently immobile. This
immobility is due to the large effort spent for sensor technology to detect the patient’s intention
and to further detect object positions.

Co-activation in antagonistic muscle pairs As the dynamic positioning performance in the pre-
viously investigated neuroprosthesis for restoring reaching functions with FES (Chapter 5) is
significantly lower compared to physiologic movements, a potential improvement in terms of
motor precision and movement speed was investigated in Chapter 6. The approach applies to the
antagonistic muscle pair formed by the anterior and posterior deltoid muscle.

A linearization controller is proposed that allow realizing a given joint torque and a level of
co-activation. In combination with a joint angle controller, an increased co-activation during the
phases in which switching between muscles occurs is present. This effect potentially (among
others) yielded a positioning performance much higher than the one obtained in Chapter 5.
Though, a further, detailed investigation has not been performed yet. Also, the effects of an
increased level of co-activation are not considered in the investigations. This approach may be
extended by, e.g., increasing the co-activation level also for holding postures such that external
disturbances only have a reduced influence on the maintained position.

Variable stimulation frequencies The effects of the fast progression of muscle fatigue can be
compensated by the presented recruitment control strategy (cf. Chapter 3). This compensation is
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accompanied, however, by a continuously increasing average stimulation level that can only be
increased up to the maximally tolerated stimulation intensity. Once this is reached, the effects of
muscle fatigue can no longer be compensated. By choosing lower stimulation frequencies, the
progression of fatigue may be delayed. As lower stimulation frequencies also mean lower update
rates of the control system, the motion performance likely decreases. Hence, it is suggested to
adaptively vary the stimulation rate as needed, e.g., for repositioning a high rate may be used
and once a posture is entered, the rate may be decreased. To allow variable sampling frequencies
in discrete-time motion controllers, a new method to design discrete-time control systems that
consider irregular sampling and actuation times has been developed. An open-loop control
simulation example relevant to FES is given that shows how the actuation variable is modulated
for a given sequence of inter-pulse interval durations to realize a given output trajectory. Though
the principle has been demonstrated, there is still much further work left including investigations
on the stability of the internal dynamics, closed-loop control, and the application to a real FES-
neuroprosthesis. For the latter, decision algorithms must be developed that adjust the applied
stimulation intensity. As described in the next section 8.1, this approach should be integrated
with recruitment control and the generation of artificial co-activations.

8.1 Future Research

Muscle recruitment control The recruitment control system has been evaluated for the medial
shoulder deltoid muscle. It is expected to perform sufficiently well when applied to other muscles
as well. This should be investigated in future work. Especially, the optimal placement of the EMG
electrodes must be investigated for each muscle type individually.

The combination of recruitment control with the estimation of the volitional activity is currently
constrained to one stimulation channel or only possible in case of negligible crosstalk effects in
multi-channel set-ups. This is because of the timing constraints in the time-multiplexed approach
causing the estimation of the volitional EMG to be infeasible. Further, for a three-channel
stimulation, the maximally possible effective stimulation frequency would be too low.

Even for muscles that are not close to each other, crosstalk effects can be observed in separated
EMG-measurements. In such cases, the application of the time-multiplex extension for recruitment
control is beneficial. For advanced neuroprosthesis, that might consider the restoration or support
of arm elevation, elbow extension, and hand functions at the same time, a larger number of
stimulated muscles are involved. Further, the acquisition of the volitional EMG is often beneficial
for user control.

By weakening the requirement of updating the individual recruitment controller in a multi-
channel setup after each stimulation pulse applied, the time-multiplexing approach could be
extended to allow the stimulation of more than two muscles including the measurement of the
volitional EMG.

Enhancing the detection of the patient’s intention through the volitional activity The detection of the
volitional activity is a key component to realize a user control of neuroprostheses. In case of the
arm elevation support as presented in Chapter 4, the measurement of the volitional EMG is not
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required as the volitional activity is detected indirectly via the joint angle measurement45. This is
possible because movements are performed against gravity. For the support of other functions,
e.g., the elbow-joint extension, measurements of the volitional EMG are still required. These,
however, are subjected to a low signal to noise ratio rendering, e.g., threshold-based classification
approaches difficult to implement. Last but not least, the relationship between the actual effect
caused by a volitional component in hybrid muscle activations and the measured vEMG is
difficult to model. A model for describing hybrid muscle activation as described in Appendix
A may improve the control of hybrid neuroprosthesis. This model is currently describing the
relation between the stimulation intensity, the estimated volitional activity, and a joint angle. It
must be integrated into the recruitment control framework in future research.

Integrating (multi-channel) recruitment control, co-activation control strategies, user-intention detection,
and variable stimulation frequencies In the recruitment control approach, it is assumed that the
dynamics of the control loop do not depend on the stimulation frequency. Hence, it should
be straightforward to combine recruitment control with the proposed concept of varying the
stimulation frequency. Nevertheless, this assumption must be proven, of course. Further, the
influence of the stimulation frequency on the muscle activation level, i.e., the contraction strength
must be investigated. During holding postures, wherein an increased level of co-activation may
be applied, the stimulation frequency can be decreased so that the progression of muscle fatigue
becomes slower during these phases.

8.2 Résumé & Exploitation

Most approaches considered in this thesis can be categorized into applied control and medical
engineering. Some of them, e.g., variable stimulation frequencies and the model for describing
hybrid muscle activations, are currently of a more theoretical nature as they have not (yet) been
applied to neuroprosthetic control systems.

However, they are expected to form a basis for future improvements in the control of neuropros-
thetic systems. The control of antagonistic muscle pairs using co-activation is still in an early
stage. However, it can be seen as a proof of concept to increase motion performance. These
investigations may be applied in the restoration of reaching functions, for example. The most
fundamental approach is likely the EMG-based control of the muscular recruitment. As an
underlying control system to simplify modeling and control of FES-activated muscles, many
potential applications in neuroprostheses are imaginable.

The approaches presented in Chapter 5 (Exoskeleton-based support of arm movements) and
Chapter 4 (Arm weight relief) directly target the assistance of neurologically impaired patients.
Because of its simplicity regarding required devices and electrodes to be placed, the latter has a
higher potential to be used in daily-live situations by patients. However, an extension to support
elbow-joint extension movements is often beneficial to additionally compensate for the effects of
an increased muscle tone in the biceps.

45In case the adaptive control system is not used.
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A
A M O D E L T O D E S C R I B E H Y B R I D M U S C L E

A C T I VAT I O N

The adaptive control scheme used to automatically tune the parameter (support factor) of the
arm weight relief neuroprosthesis described in Chapter 4 relies on a model to describe muscle
activation under hybrid conditions (FES and volitionally activated, cf. Sec. 2.6). Therefore, in
the design of the controller, a linear model is assumed. However, the actual behavior is strongly
non-linear. If trial-based movements are similar in their respective realization (e.g., regarding
duration and movement trajectory), the assumption of linearity limits the applicability of the
presented adaptation approach: The individual trials are required to be similar in their duration
and movement paths. If they vary significantly (like in support of activities of daily living), the
non-linearities may hinder the successful adaptation of the support factor.

Hence, a more sophisticated, non-linear model for describing joint motions induced by con-
currently present voluntary- and FES-induced muscle activation is proposed. It is based on a
Hammerstein model – as commonly used in feedback-controlled FES – and exemplarily applied
to describe the shoulder elevation joint angle. One component of a Hammerstein muscle model is
a static input non-linearity that depends on the stimulation intensity. To additionally incorporate
voluntary contributions, the static non-linearity is extended by a second input describing the
intensity of the voluntary contribution that is estimated by electromyography (EMG) measure-
ments – even during active FES. An Artificial Neural Network (ANN) is used to describe the static
input non-linearity. The output of the ANN drives a second-order linear dynamical system that
describes the combined muscle activation and joint angle dynamics. The tunable parameters are
adapted to the individual subject by a system identification approach using previously recorded
I/O data. The model has been validated in two healthy subjects yielding RMS values for the joint
angle error of 3.56◦ and 3.44◦, respectively.

The methods and results presented in this chapter have been previously published in

• [81] C. Klauer, M. Irmer, and T. Schauer. “A muscle model for hybrid muscle activation”.
In: Current Directions in Biomedical Engineering 1.1 (2015), pp. 386–389. issn: 2364-5504. doi:
10.1515/cdbme-2015-0094.

Copyright statement The text and the pictures in this section are based, with slight modifications,
on the following publications: Sec. A.1 to Sec. A.4 are based on [81]. Slight modifications of the
text and the figures were performed.
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A.1 Methods

Typically, models describing FES-activated muscles (cf. Sec. 2.6) consider muscle recruitment
in form of the static recruitment function that only depends on the stimulation intensity. To
consider hybrid muscle activations, the static input function is extended by adding a second input
– the normalized voluntary activity γ∗ ∈ [0, 1]. As shown in Fig. 84, this extended recruitment
function is described by an Artificial Neural Network (ANN) that uses Local Linear Models (LLM)
weighted by Radial Basis (RB) functions (cf. Fig. 85). Four normalized radial basis functions

Φi(v, γ∗) =
µi(v, γ∗)

4
∑

n=1
µn(v, γ∗)

, i = {1, 2, 3, 4} (136)

v

γ∗

artificial
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network
z−d · B(z−1)
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ŷ

e

1
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Figure 84: The used model consists of a static input function (artificial neural network), that describes
the motor unit recruitment, and a linear transfer function model (AutoRegressive model with
eXogenous input (ARX)), that captures the muscle activation dynamics and the joint motion.
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Figure 85: The applied structure for the artificial neural network that involves four neurons.
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Table 11: Parameters of the ANN.
i (neuron) ci,v ci,γ∗ σi,γ∗ = σi,v

1 0.25 0.25 0.2167

2 0.25 0.75 0.2167

3 0.75 0.25 0.2167

4 0.75 0.75 0.2167

based on standard radial basis functions

µi(v, γ∗) = exp
(
− 1

2

(
(v − ci,v)

2

σ2
i,v

+
(γ∗ − ci,γ∗)2

σ2
i,γ∗

))
(137)

are used, which forms a compromise between model complexity and the ability to describe I/O
data. The parameters of the radial basis functions are chosen concerning [130] and summarized
in Tab. 11. The normalized RB functions are combined with four local linear models to yield the
neurons whose outputs are superposed yielding the output of the ANN:

ŷ =
4

∑
i=1

(wi,0 + wi,vv + wi,γ̂γ∗
                                                    

ŷi

) · Φi(v, γ∗). (138)

To describe the combined muscle activation dynamics and joint motion, an AutoRegressive model
with eXogenous input (ARX)) [130] (a linear dynamic transfer function model) is used:

ϑ̂[k] =
q−m

1 + a1q−1 + a2q−2 ŷ[k], (139)

where ϑ̂[k] is the joint angle at sampling instant k and q−1 is the one-step backwards shift operator
(q−1s(k) = s(k − 1)). The time delay of m = 1 sampling instants matches the typically observed
delay in the recorded I/O-data. The tunable parameters are combined in the parameter vector

Θ = [w1,0, w1,v, w1,γ∗ , · · · , w4,0, w4,v, w4,γ∗ , a1, a2]. (140)

To adapt them to the individual subject and muscle condition, I/O data are recorded during
an identification experiment, and a linear least squares optimization is performed yielding the
optimal parameter set Θ∗ that minimizes the cost function

J(Θ) =
N

∑
k=0

(ϑ̂[k](Θ, γ∗[k], v[k])− ϑ[k])2, (141)

where ϑ[k] is the recorded joint angle.

To obtain I/O data, an experimental procedure is proposed in which the stimulation intensity is
increased stepwise (five levels, linear increase of the level’s intensity) to the upper well-tolerated
intensity. During the time periods in which the stimulation intensity remains constant (always
lasting 6 s), the subject is instructed to voluntarily elevate his arm to a given joint angle of
approximately 50◦ for 2 s.
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A.2 Experimental Set-up

To demonstrate the feasibility of the proposed hybrid model, it is exemplarily applied to the
shoulder elevation movement against gravity, as shown in Fig. 86.

The raw EMG-measurements in-between two stimulation pulses are filtered using the approach
described in Sec. 3.2.2 yielding γ̂ for the intensity of the voluntary contribution. This estimate is
normalized to the maximally occurring level of volitional muscle activity yielding the normalized
estimate γ̂∗ (range [0,1]). For later use in the model, this noisy volitional muscle activity is
low-pass filtered using a non-causal fourth-order Butterworth filter with zero phase shift and
a cut-off frequency of 27 Hz yielding the input γ∗ (range [0,1]) to the neural network. The
stimulation intensity v is applied in terms of a normalized charge yielding current amplitude and
pulse width of the applied bi-phasic stimulation pulses as described in Sec. 2.4.

A.3 Results

The proposed experimental procedure has been performed twice for two healthy subjects yielding
one training and one validation dataset for each subject. Herein, the subjects are asked to perform
five trials of volitional arm elevation movements. In between these trials, the stimulation intensity
v is increased stepwise and then held constant for a duration of 6 s.

The model parameters were identified, and the output ϑ of the obtained model was then simulated
(not predicted) for the inputs of the training dataset and compared to the measured output to
evaluate the model fit. The result in terms of the Root Mean Square (RMS) error is 3.3◦ for subject
A and 2.67◦ for subject B.

To validate the model, the inputs of the validation dataset are used to simulate the output of
the obtained model. The input signals as well as the simulated and measured output angle are
shown in Fig. 87 and Fig. 88 for both subjects. In this validation, RMS errors of 3.56◦ and 3.44◦

for subject A and subject B have been obtained, respectively.
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Figure 87: The result of the model validation for subject A.

A.4 Conclusions

For the prediction and simulation of joint angle movements, an ANN-based dynamical model
has been developed and was tested in two healthy subjects. The obtained small RMS errors –
both for model fit and validation – show the feasibility of the proposed joint angle prediction in
the considered range of about 50◦. The required time duration of approximately half a minute
for the identification procedure is feasible to the time constraints in clinical environments. The
observed model accuracy is high despite using a Hammerstein model structure that is usually
applied to describe isometric muscle contractions only46. A Hill-type muscle model structure can
be considered as an extension of this approach if the accuracy of the proposed model decreases
for larger joint angle ranges.

This model forms an initial investigation of hybrid muscle activations as present in the arm
weight-relief neuroprosthesis presented in Chapter 4. Herein, a linear model was assumed to
describe the behavior of hybrid muscle activation. The described adaptive control loop uses
measurements of the volitional activity and compares them to the resulting joint angle based on
this linear assumption. A better understanding of the actual hybrid behavior may potentially lead
to further improvements of the adaptive control loop as outlined in Sec. 4.8.

46Especially, the non-linear dependency of the muscle torque on the joint angle and velocity is neglected.
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Figure 88: The result of the model validation for subject B.

Concerning the long-term accuracy, however, difficulties caused by time-variances in the muscle’s
behavior may be present. Herein, important factors are the rapidly progressing muscle fatigue
under FES and in case of stroke patients, a potential time-variant spasticity. To tackle these issues,
it is suggested to perform a periodic re-calibration of the model in trial to trial based training
procedures. Herein, it is expected that I/O data obtained during FES-supported training for
motor re-learning are also feasible to the parameter estimation. Another approach, worth to
be investigated, would be a parameter estimation using Recursive Least Squares (RLS) during
training. Both approaches would not require interventions or additional effort to be performed
during training sessions.

Future work The proposed model describes the stimulation effect (joint angle) dependent on the
stimulation intensity, whose influence on the muscle recruitment is known to be time-variant. The
estimation of the stimulation-evoked muscle recruitment λ̂ has been shown to be less dependent
on such time-varying effects in Chapter 3. Therefore, it is likely beneficial to substitute the
stimulation input of the ANN by the estimated recruitment-level λ̂.

Future work should also consider multiple muscles that act on one joint and, finally, investigations
in stroke patients.
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